Computational Models of Discourse

Regina Barzilay
EECS Department
MIT

November 2, 2004

What is Text?

A product of cohesiveties (cohesion)

ATHENS, Greece (Ap) A strong earthquake shook the
AegeanSeaisland of Crete on Sunday but causedno in-
juries or damage. The quake had a preliminary magni-
tude of 5.2 and occurred at 5:28 am (0328 GMT) on the
sea oor 70 kilometers (44 miles) south of the Cretan
port of Chania. The Athens seismological institute said
the temblor's epicenter was located 380 kilometers (238
miles) south of the capital. No injuries or damage were
reported.
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What is Text?

A product of structural relations (coherence)

S1: A strong earthquake shook the Aegean Seaisland of
Crete on Sunday

S,: but causedno injuries or damage.

Ss: The quake had a preliminary magnitude of 5.2
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Content-based Structure

Describethe strength and the impact of an
earthquake

Specifyits magnitude

Specifyits location
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Rhetorical Structure Two Approaches to Text Structure

Domain-dependent models

elaboration
— Content-basedmodels
contrast .
— Rhetorical models
Domain-independent models
s s, s aep
1 3 — Rhetorical Structure Theory
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Analogy with Syntax Motivation

Summarization
Extract a representative subsequencefrom a set of

sentences

Domain-independent Theory of SentenceStructure _ _
Question-Answering

Fixed set of word categories(nouns, verbs,:::) Find an answerto a question in natural language
Fixed set of relations (subject, object, :::) Text Ordering
Order a set of information-bearing items into a coherent

P(“A is sentencethis weird") text

Machine Translation
Find the besttranslation taking context into account
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Today: Domain-Speci c Models

Rhetorical Models:

— Argumentative Zoning of Scienti ¢ Articles
(Teufel, 1999)

Content-basedModels:
— Supervised(Duboue&McKeown, 2001)
— Unsupervised(Barzilay&Lee, 2004)
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Argumentative Zoning

Many of the recent advancesin Question Answering have
followed from the insight that systemscan benet from
by exploiting the redundancy in large corpora.

Brill et al. (2001) describe using the vast amount of
data available on the WWW to achieve impressive per-
formance :::

The Web, while nearly in nite in content, is not a com-
plete repository of useful information : ::

In order to combat these inadequacies, we propose a
strategy in which in information is extracted from : ::
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Argumentative Zoning

BACKGROUND

Many of the recent advancesin Question Answering have followed
from the insight that systemscan bene t from by exploiting the
redundancy :::

OTHERWORK

Brill etal. (2001) describeusing the vastamount of data available on
the WWW to achieveimpressive performance: : :

WEAKNESS

The Web, while nearly in nite in content, is not a complete repository
of useful information :::

OWN CONTRIBUTION

In order to combat these inadequacies,we propose a strategy in which
in information is extracted from :::

Computational Models of Discourse 10/49

Motivation

Scienti ¢ articles exhibit (consistent across
domains) similarity in structure

— BACKGROUND
— OWN CONTRIBUTION
— RELA'ION TO OTHERWORK

Automatic structure analysiscan bene t:
- Q&A
— summarization

— citation analysis
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Approach

Goal: Rhetorical segmentationwith labeling

Annotation Scheme:
— Own work: aim, own, textual
— Background

— Other Work: contrast, basis, other

Implementation: Classi cation
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Examples

Kappa Statistics

(Siegal&Castellan,1998; Carletta, 1999)
Kappacontrols agreementP (A) for chanceagreement
P(E)

P(A) p(E)
1 p(E)
Kappafrom Argumentative Zoning:

K =

Stability: 0.83
Reproducibility: 0.79
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Features

Category | Realization

Aim We have proposeda method of clustering words
basedon large corpus data

Textual Section 2 describesthree parserswhich are:::

Contrast | However, no method for extracting the relation-
ship from super cial linguistic expressionswas
describedin their paper.
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Position
\erb Tenseand \oice
History

Lexical Features (“other researchersclaim that”)
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Results

Annotated Transcript

Classi cation accuracyis above 70%

Zoning improves summarization
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Supervised Content Modeling

He is 58-year-old male. History is signi cant for Hodgkin's diseasg

age gender pmh
treated with ...to his neck, back and chest. Hyperspadias BPH,
pmh pmh

hiatal hernia and proliferative lymph edemain his right arm. No IV's
pmh pmh
or blood pressuredown in the left arm. Medications — Inderal, Lopid,

med-preop  med-preop

Pepcid, nitroglycerine and heparin. EKGhasPACSs. ...

med-preop drip-preop med-preop  €kg-preop
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Semantic Sequence

(Duboue& McKeown, 2001)

Goal: Find types of semantic information
characteristic to a domain and ordering constraints
on their presentation

Approach: nd patterns in a setof transcripts
manually annotated with semantic units

Domain: Patients records
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age, gender, pmh, pmh, pmh, pmh, med-preop,
med-preop, med-preop, drip-preop, med-preop,
ekg-preop, echo-preop, hct-preop, procedure, ...
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Pattern Detection

Evaluation

Analogousto motif detection
T.: ABCD FAABFD
T, FCABDD FF

Scanning
Generalizing

Filtering
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Example of Learned Pattern

Pattern con dence: 84.62%

Constraint accuracy: 89.45%
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intraop-problems
intraop-problems

g operation 11.11%

drip 33.33%

§ intraop-problems 33.33%

" total-meds-anesthetics  22.22%
drip

Computational Models of Discourse

W INV ©

Content Models

Content models representtopics and their ordering in a
domain text

Domain: newspaperarticles on earthquakes
Topics: “strength,” “location,” “casualties,”. ..

Order: “casualties” prior to “rescue efforts”
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Learning Content Structure

Our goal: learn content structure from un-annotated
texts via analysisof word distribution patterns

“various typesof [word] recurrencepatternsseem
to characterizevarious typesof discourse’(Harris,
1982)

The successof the distributional approach depends
on the existenceof recurrent patterns.

— Linguistics: domain-speci c texts tend to exhibit high
similarity (Wray, 2002)

— Cognitive psychology: formulaic text structure
facilitates readers'comprehension(Bartlett, 1932)
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Patterns in Content Organization

Patterns in Content Organization

TOKYO (AP) A moderately strong earthquake rattled northern Japan
early Wednesday the Central Meteorological Agency said. There were
no immediate reports of casualtiesor damage. The quake struck at 6:06
am (2106 GMT) 60 kilometers (36 miles) beneaththe Paci ¢ Oceannear
the northern tip of the main island of Honshu. ...

ATHENS, Greece(AP) A strong earthquake shook the AegeanSeaisland
of Crete on Sunday but causedno injuries or damage. The quake had
a preliminary magnitude of 5.2 and occurred at 5:28 am (0328 GMT)
on the sea oor 70 kilometers (44 miles) south of the Cretan port of
Chania. ...
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Computing Content Model

TOKYO (AP) A moderately strong earthquake rattled northern Japan
early Wednesday the Central Meteorological Agency said. There were
no immediate reports of casualtiesor damage. The quake struck at 6:06
am (2106 GMT) 60 kilometers (36 miles) beneaththe Paci ¢ Oceannear
the northern tip of the main island of Honshu. ...

ATHENS, Greece(AP) A strong earthquake shook the AegeanSeaisland
of Crete on Sunday but causedno injuries or damage. The quake had
a preliminary magnitude of 5.2 and occurred at 5:28 am (0328 GMT)
on the sea oor 70 kilometers (44 miles) south of the Cretan port of
Chania. ...
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Texty Text, Textg Texty

EEEE
NS

Implementation: Hidden Markov Model
Statesrepresenttopics

State-transitions representordering constraints
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Model Induction Model Induction

— - -
begin
end
( —= -
begin i —
end
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Model Induction Initial Topic Induction
Agglomerative clustering with cosine similarity measure
(lyer&Ostendorf:1996, Florian&Yarowsky:1999, Barzilay&Elhadad:2003)
——

e The Athens seismological institute said the temblor's epicenter was lo-
cated 380 kilometers (238 miles) south of the capital.

Seismologistsin Pakistan'sNorthwest Frontier Province said the temblor's
epicenter was about 250 kilometers (155 miles) north of the provincial
capital Peshawar

begin

end The temblor was centered 60 kilometers (35 miles) northwest of the
provincial capital of Kunming, about 2,200 kilometers (1,300 miles)
southwest of Beijing, a bureau seismologistsaid.
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From Clusters to States

Eachlarge cluster constitutes a state

Agglomerate small clustersinto an “insert” state
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Estimating Transition Probabilities

Estimating Emission Probabilities

Estimation for a “normal” state:

dgef fo (WwO)+ o
s (Wiw) = -,
Ps, (Ww) fe,(W)+ 1jV]

Estimation for the “insertion” state:

def 1 maXi<m Ps; (WO.iW)

Psp (W%W) = P
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uzv (1 MaXicm ps; (Ujw))
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- 3/6
_— —mm 3/4
- 1/5

g(ci;g)+ 2

plsis) = s o

g(ci; ) is a number of adjacent sentences(c;, ¢;)
g(c) is a number of sentencesin ¢
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Viterbi re-estimation

Goal: incorporate ordering information

Decodethe training data with Viterbi decoding

Usethe new clustering asthe input to the parameter
estimation procedure
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Evaluation: Data

Five automatically constructed domain-speci c
collections

For eachdomain 100 training, 100 testing, 20
development

Domain Average Vocabulary Token/
Length Size type
Earthquake 104 1182 13.158
Clashes 14 1302 4.464
Drugs 10.3 1566 4.098
Finance 13.7 1378 12.821
Accidents 115 2003 5.556
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Applications of Content Models

Information Ordering

Motivation: summarization, natural language
generation, question-answering

Evaluation: selectthe original order acrossn
permutations of text sentences
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Application: Information Ordering
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Information ordering

Summarization
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(a) During athird practice forced landing, with the landing

gear extended, the CFltook over the controls.

(b) Thecertied ight instructor (CFI) and the private pilot,
her husband, had own a previous ight that day and

practiced maneuversat altitude.

(c) The private pilot performed two practice power off
landings from the downwind to runway 18.

(d) When the airplane developeda high sink rate during the
turn to nal, the CFlrealized that the airplane was low

and slow.

(e) After arefueling stop, they departed for another training

ight.

Computational Models of Discourse

39/49



Evaluation: Ordering

Baselines:
— “Straw” baseline: Bigram Languagemodel

— “State-of-the-art” baseline: (Lapata:2003)
representa sentenceusing lexico-syntactic features
compute pairwise ordering preferences

nd optimally global order

Metrics: Prediction Accuracy Rank,
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Results: Ordering

Domain Algorithm Prediction Rank
Accuracy
Content 72% 2.67 0.81
Earthquake Lapata'03 24% (N/A) 0.48
Bigram 4% 485.16 0.27
Content 48% 3.05 0.64
Clashes Lapata'03 27% (N/A) 0.41
Bigram 12% 635.15 0.25
Content 38% 15.38 0.45
Drugs Lapata'03 27% (N/A) 0.49
Bigram 11% 712.03 0.24
Content 96% 0.05 0.98
Finance Lapata'03 17% (N/A) 0.44
Bigram 66% 7.44 0.74
Content 41% 10.96 0.44
Accidents Lapata'03 10% (N/A) 0.07
Bigram 2% 973.75 0.19
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Learning Curves for Ordering
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Summarization Task

MEXICOCITY (AP) A strong earthquake shook central Mexico Saturday, sending panicked tourists running from
an airport terminal and shaking buildings in the capital.

There were no immediate reports of seriousinjuries.

The quake had a preliminary magnitude of 6.3 and it epicenter was in Guerrero state, 290 kilometers (165 miles)
southwest of Mexico City, said RussNeedhamof the U.S. Geological Survey'sEarthquake Information Centerin
Golden, Colo.

Part of the roof of an airport terminal in the beachresort of Zahuatanejo collapsedand its windows shattered,
sending scoresof tourists running outside.

Power and telephone servicewere brie y interrupted in the town, about 340 kilometers (200 miles) southwest of
Mexico City.

A fencewas toppled in a poor neighborhood in Zihuatanejo.

The Red Crosssaid at least 10 people suffered from nervous disorders causedby the quake.

The quake started around 10:20 am and was felt for more than a minute in Mexico City, a metropolis of about 21
million people.

Buildings along Reforma Avenue, the main east-westthoroughfare, shook wildly.

“l was so scared.

Everything just began shaking,” said Sonia Arizpe, a Mexico City street vendor whose aluminum cart started
rolling away during the temblor.

But FranciscolLopez, a visiting Los Angelesbusinessman,said it could have been much worse.

“I've beenthrough plenty of quakesin L.A. and this was no big deal.”

The quake brie y knocked out electricity to someareasof the capital.

Windows cracked and broke in some high-rise buildings, and re trucks cruised the streetsin searchof possible
gasleaks.

Large sectionsof downtown Mexico City were devastatedby a 8.1 magnitude quake in 1985.

At least 9,500 people were killed.
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Summarization Task

Summarization: Algorithm

MEXICOCITY (AP) A strong earthquake shook central Mexico Saturday, sending panicked tourists running from
an airport terminal and shaking buildings in the capital.

There were no immediate reports of seriousinjuries.

The quake had a preliminary magnitude of 6.3 and it epicenter was in Guerrero state, 290 kilometers (165 miles)
southwest of Mexico City, said RussNeedhamof the U.S. Geological Survey'sEarthquake Information Centerin
Golden, Colo.

Part of the roof of an airport terminal in the beachresort of Zahuatanejo collapsedand its windows shattered,
sending scoresof tourists running outside.

Power and telephone servicewere brie y interrupted in the town, about 340 kilometers (200 miles) southwest of
Mexico City.

A fencewas toppled in a poor neighborhood in Zihuatanejo.

The Red Crosssaid at least 10 people suffered from nervous disorders causedby the quake.

The quake started around 10:20 am and was felt for more than a minute in Mexico City, a metropolis of about 21
million people.

Buildings along Reforma Avenue, the main east-westthoroughfare, shook wildly.

“l was so scared.

Everything just began shaking,” said Sonia Arizpe, a Mexico City street vendor whose aluminum cart started
rolling away during the temblor.

But FranciscolLopez, a visiting Los Angelesbusinessman,said it could have been much worse.

“I've beenthrough plenty of quakesin L.A. and this was no big deal.”

The quake brie y knocked out electricity to someareasof the capital.

Windows cracked and broke in some high-rise buildings, and re trucks cruised the streetsin searchof possible
gasleaks.

Large sectionsof downtown Mexico City were devastatedby a 8.1 magnitude quake in 1985.

At least 9,500 people were killed.
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Summarization Task

Supervisedlearning approach

+

+

+

+

Traditional (local) approach: look at lexical features

Our approach: look at structural features

+

+

+ +
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Results: Summarization

The quake started around 10:20 am and was felt for
more than a minute in Mexico City, a metropolis of
about 21 million people. There were no immediate
reports of seriousinjuries. Buildings along Reforma
Avenue, the main east-westthoroughfare, shook wildly .
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Summarizer Extraction accuracy
Content-based 88%
Sentenceclassi er 76%

(words + location)
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Here is a right order

(b)

(e)

(€)

)

(d)

The certi ed ight instructor (CFI) and the private pilot,
her husband, had own a previous ight that day and
practiced maneuversat altitude.

After arefueling stop, they departed for another training
ight.
The private pilot performed two practice power off

landings from the downwind to runway 18.

During a third practice forced landing, with the landing
gear extended, the CFItook over the controls.

When the airplane developeda high sink rate during the
turn to nal, the CFlrealized that the airplane was low
and slow.
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Learning Curves for Summarization
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