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Attachment Ambiguity

• Where to attach a phrase in the parse tree?
• “I saw the man with the telescope.”

– What does “with a telescope” modify?
– Is the problem AI complete?  Yes, but…

– Proposed simple structural factors
• Right association [Kimball 1973]

‘low’ or ‘near’ attachment = ‘early closure’ of NP
• Minimal attachment [Frazier 1978]

(depends on grammar) = ‘high’ or ‘distant’ attachment
= ‘late closure’ (of NP)



Attachment Ambiguity

• “The children ate the cake with a spoon.”
• “The children ate the cake with frosting.”

• “Joe included the package for Susan.”
• “Joe carried the package for Susan.”

• Ford, Bresnan and Kaplan (1982):
“It is quite evident, then, that the closure effects in
these sentences are induced in some way by the
choice of the lexical items.”



Lexical acquisition, semantic similarity

• Previous models give same estimate to all
unseen events.

• Unrealistic - could hope to refine that based
on semantic classes of words

• Examples
– “Susan ate the cake with a durian.”
– “Susan had never eaten a fresh durian before.”
– Although never seen “eating pineapple” should be

more likely than “eating holograms” because
pineapple is similar to apples, and we have seen
“eating apples”.



An application: selectional preferences

• Most verbs prefer arguments of a particular
type.  Such regularities are called selectional
preferences or selectional restrictions.

• “Bill drove a…”   Mustang, car, truck, jeep

• Selectional preference strength: how strongly
does a verb constrain direct objects

• “see” versus “unknotted”



Measuring selectional preference strength

• Assume we are given a clustering of (direct object) nouns.
Resnick (1993) uses WordNet.

• Selectional association between a verb and a class

Proportion that its summand contributes to preference strength.

• For nouns in multiple classes, disambiguate as most likely
sense:



Selection preference strength
(made up data)

Noun class c P(c) P(c|eat) P(c|see) P(c|find)
people 0.25 0.01 0.25 0.33
furniture 0.25 0.01 0.25 0.33
food 0.25 0.97 0.25 0.33
action 0.25 0.01 0.25 0.01
SPS S(v) 1.76 0.00 0.35

A(eat, food) = 1.08
A(find, action) = -0.13



Selectional Preference Strength example
(Resnick, Brown corpus)



But how might we measure
word similarity for word classes?

• Vector spaces



But how might we measure
word similarity for word classes?

• Vector spaces
word-by-word matrix B



Similarity measures for binary vectors



Cosine measure



Example of cosine measure on
word-by-word matrix on NYT



Probabilistic measures



Neighbors of word “company”
[Lee]



Learning syntactic patterns for
automatic hypernym discovery

Rion Snow, Daniel Jurafsky, and Andrew Y. Ng.

















VERBOCEAN: Mining the Web for
Fine-Grained Semantic Verb Relations

Timothy Chklovski and Patrick Pantel

























http://semantics.isi.edu/ocean/ 

Demo



Clustering words into topics with
Latent Dirichlet Allocation

[Blei, Ng, Jordan 2003]

Sample a distribution
over topics, θ

For each document:

Sample a topic, z

For each word in doc

Sample a word
from the topic, w

Example:

70% Iraq war
30% US election

Iraq war

“bombing”

Generative
Process:
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Collocations

• An expression consisting of two or more
words that correspond to some conventional
way of saying things.

• Characterized by limited compositionality.
– compositional: meaning of expression can be

predicted by meaning of its parts.
– “strong tea”, “rich in calcium”
– “weapons of mass destruction”
– “kick the bucket”, “hear it through the grapevine”



Topics Modeling Phrases

• Topics based only on unigrams often
difficult to interpret

• Topic discovery itself is confused because
important meaning / distinctions carried by
phrases.

• Significant opportunity to provide improved
language models to ASR, MT, IR, etc.



Topical N-gram Model
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[Wang, McCallum 2005]
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Unsupervised learning of
topic hierarchies

(Blei, Griffiths, Jordan & Tenenbaum, NIPS 2003)



Joint models of syntax and semantics (Griffiths,
Steyvers, Blei & Tenenbaum, NIPS 2004)

• Embed topics model inside an nth order
Hidden Markov Model:

Document-specific distribution over topics
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Corpus-specific factorization
(NIPS)
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Semantic highlighting
 Darker words are more likely to have been generated from the
   topic-based “semantics” module:



Social Network Analysis:
Group and Topic Discovery

Xuerui Wang and Andrew McCallum



Groups and Topics

• Input:
– Observed relations between people
– Attributes on those relations (text, or categorical)

• Output:
– Attributes clustered into “topics”
– Groups of people---varying depending on topic



Discovering Groups from
Observed Set of Relations

Admiration relations among six high school students.
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Acad(E, C) Acad(F, C)



Adjacency Matrix Representing Relations
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Group Model:
Partitioning Entities into Groups
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Stochastic Blockstructures for Relations
[Nowicki, Snijders 2001]

S: number of entities

G: number of groups

Enhanced with arbitrary number of groups in [Kemp, Griffiths, Tenenbaum 2004]

Beta
Dirichlet

Binomial

S

g
Multinomial



Two Relations with Different Attributes
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The Group-Topic Model:
Discovering Groups and Topics Simultaneously
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[Wang, Mohanty, McCallum 2006]



Inference and Estimation
Gibbs Sampling:
- Many r.v.s can be
integrated out
- Easy to implement
- Reasonably fast

We assume the relationship is symmetric.



Dataset #1:
U.S. Senate

• 16 years of voting records in the US Senate (1989 – 2005)

• a Senator may respond Yea or Nay to a resolution

• 3423 resolutions with text attributes (index terms)

• 191 Senators in total across 16 years
S.543
Title: An Act to reform Federal deposit insurance, protect the deposit insurance
funds, recapitalize the Bank Insurance Fund, improve supervision and regulation
of insured depository institutions, and for other purposes.
Sponsor: Sen Riegle, Donald W., Jr. [MI] (introduced 3/5/1991) Cosponsors (2)
Latest Major Action: 12/19/1991 Became Public Law No: 102-242.
Index terms: Banks and banking Accounting Administrative fees Cost control
Credit Deposit insurance Depressed areas and other 110 terms

Adams (D-WA), Nay Akaka (D-HI), Yea Bentsen (D-TX), Yea Biden (D-DE), Yea
Bond (R-MO), Yea  Bradley (D-NJ), Nay  Conrad (D-ND), Nay ……



Topics Discovered (U.S. Senate)

carepolicypollutionprevention
employeelawresearchelementary
businessaidpetrolstudents

taxcongressgasdrug
aidtaxnuclearchildren

insuranceforeignwateraid
labormilitarypowerschool

federalgovernmentenergyeducation

EconomicMilitary
Misc.EnergyEducation

Mixture of Unigrams

Group-Topic Model

assistancebusinessdiseasesresearch
disabilitywagecommunicableenergy
medicareminimumdrugstax

careincomecongressgovernment
medicalcongresstariffaid

insurancetaxchemicalsfederal
securityinsurancetradeschool
sociallaborforeigneducation

Social Security
+ Medicare

EconomicForeign
Education
+ Domestic



Groups Discovered (US Senate)

Groups from topic Education + Domestic



Senators Who Change Coalition the most
Dependent on Topic

e.g. Senator Shelby (D-AL) votes 
with the Republicans on Economic
with the Democrats on Education + Domestic
with a small group of maverick Republicans on Social Security + Medicaid



Dataset #2:
The UN General Assembly

• Voting records of the UN General Assembly (1990 - 2003)

• A country may choose to vote Yes, No or Abstain

• 931 resolutions with text attributes (titles)

• 192 countries in total

• Also experiments later with resolutions from 1960-2003

Vote on Permanent Sovereignty of Palestinian People, 87th plenary meeting

The draft resolution on permanent sovereignty of the Palestinian people in the
occupied Palestinian territory, including Jerusalem, and of the Arab population in
the occupied Syrian Golan over their natural resources (document A/54/591)
was adopted by a recorded vote of 145 in favour to 3 against with 6 abstentions:

In favour: Afghanistan, Argentina, Belgium, Brazil, Canada, China, France,
Germany, India, Japan, Mexico, Netherlands, New Zealand, Pakistan, Panama,
Russian Federation, South Africa, Spain, Turkey, and other 126 countries.
Against: Israel, Marshall Islands, United States.
Abstain: Australia, Cameroon, Georgia, Kazakhstan, Uzbekistan, Zambia.



Topics Discovered (UN)

callsisraelcountries
securitysituationimplementation

syriapalestineuse
israelhumanweapons

occupiedrightsnuclear

Security
in Middle East

Human RightsEverything
Nuclear

Mixture of
Unigrams

Group-Topic
Model

israelspacenations
occupiedraceweapons
palestinepreventionunited
humanarmsstates
rightsnuclearnuclear

Human RightsNuclear Arms
Race

Nuclear
Non-proliferation



Groups
Discovered
(UN)
The countries list for each
group are ordered by their
2005 GDP (PPP) and only 5
countries are shown in
groups that have more than
5 members.



Groups and Topics, Trends over Time (UN)



Social Networks in Research Literature

• Better understand structure of our own
research area.

• Structure helps us learn a new field.
• Aid collaboration
• Map how ideas travel through social networks

of researchers.

• Aids for hiring and finding reviewers!



Traditional Bibliometrics

• Analyses a small amount of data
(e.g. 19 articles from a single issue of a journal)

• Uses “journal” as a proxy for “research topic”
(but there is no journal for information extraction)

• Uses impact measures almost exclusively
based on simple citation counts.

How can we use topic models 
to create new, interesting impact measures?



Our Data

• Over 1 million research papers,
gathered as part of Rexa.info portal.

• Cross linked references / citations.



Finding Topics with TNG
Traditional unigram LDA

run on 1 million
titles / abstracts

(200 topics)

...select ~300k papers on
ML, NLP, robotics, vision...

Find 200 TNG topics 
among those papers.



Topical Bibliometric Impact Measures

• Topical Citation Counts

• Topical Impact Factors

• Topical Longevity

• Topical Diversity

• Topical Precedence

• Topical Transfer

[Mann, Mimno, McCallum, 2006]



Topical Diversity
Entropy of the topic distribution among 

papers that cite this paper (this topic).

Low
Diversity

High
Diversity



Topical Diversity

Can also be measured on particular papers...



Topical Precedence
Within a topic, what are the earliest papers 
that received more than n citations?

“Early-ness”

Information Retrieval:

On Relevance, Probabilistic Indexing and Information Retrieval,
Kuhns and Maron (1960)

Expected Search Length: A Single Measure of Retrieval Effectiveness Based
on the Weak Ordering Action of Retrieval Systems,

Cooper (1968)
Relevance feedback in information retrieval,

Rocchio (1971)
Relevance feedback and the optimization of retrieval effectiveness,

Salton (1971)
New experiments in relevance feedback,

Ide (1971)
Automatic Indexing of a Sound Database Using Self-organizing Neural Nets,

Feiten and Gunzel (1982)



Topical Precedence
Within a topic, what are the earliest papers 
that received more than n citations?

“Early-ness”

Speech Recognition:

Some experiments on the recognition of speech, with one and two ears,
E. Colin Cherry (1953)

Spectrographic study of vowel reduction,
B. Lindblom (1963)

Automatic Lipreading to enhance speech recognition,
 Eric D. Petajan (1965)

Effectiveness of linear prediction characteristics of the speech wave for...,
B. Atal (1974)

Automatic Recognition of Speakers from Their Voices,
B. Atal (1976)



Topical Transfer

Transfer from Digital Libraries to other topics

WebBase: a repository of Web pages11Web Pages

Trawling the Web for Emerging Cyber-
Communities

12Graphs

Lessons learned from the creation and
deployment of a terabyte digital video

12Video

On being ‘Undigital’ with digital cameras:
extending the dynamic...

14Computer Vision

Trawling the Web for Emerging Cyber-
Communities, Kumar, Raghavan,... 1999.

31Web Pages

Paper TitleCit’sOther topic



Topical Transfer
Citation counts from one topic to another.  

Map “producers and consumers”



Outline

• Role Discovery (Author-Recipient-Topic Model, ART)

• Group Discovery (Group-Topic Model, GT)

• Enhanced Topic Models
– Correlations among Topics (Pachinko Allocation, PAM)

– Time Localized Topics (Topics-over-Time Model, TOT)

– Markov Dependencies in Topics (Topical N-Grams Model, TNG)

• Bibliometric Impact Measures enabled by Topics

Social Network Analysis with Topic Models

Multi-Conditional Mixtures











 Topic Model Musings

• 3 years ago Latent Dirichlet Allocation
appeared as a complex innovation
...but now these methods & mechanics are
well-understood.

• Innovation now is to understand
data and modeling needs,
how to structure a new model to capture these.


