UMBC

AN HONORS UNIVERSITY IN MARYLAND

Mixed Membership Word Embeddings
for Computational Social Science

James Foulds (Jimmy)

Department of Information Systems
Universityof Maryland, Baltimore County
UMBC ACM Faculty Talk, April 52018

Paper to be presenteat the InternationalConference on Atrtificiételligence
and Statistics (AISTATS 2018)



LatentVariable Modeling

Understand,

explore,
predict

Complicated, noisy,
high-dimensional



LatentVariable Modeling

Understand,

explore,
predict

Complicated, noisy,

highdimensional%

Latent
variable
model




LatentVariable Modeling

Understand,

explore,
predict

C licated. noi Lowdimensional,
omplicated, noisy, semantically meaningfu
representations

highdimensionalN

Latent
variable
model




Latent Variable Modeling

A Latent variable modeling is a general, principled
approach for making sense of complex data sets

A Core principles: “» R
i Dimensionalityeduction | Y




LatentVariable Modeling

A Latent variable modeling is a general, principled
approach for making sense of complex data sets

I Dimensionalityeduction | Y
I Probabilistic graphical models :




Latent Variable Modeling

A Latent variable modeling is a general, principled
approach for making sense of complex data sets

4.

A Core principles: |
I Dimensionalityeduction | Y
I Probabilistic graphical models
| Statistical inference, especially Bayesian inference




Latent Variable Modeling

A Latent variable modeling is a general, principled
approach for making sense of complex data sets

4.

A Core principles: |
I Dimensionalityeduction | Y
I Probabilistic graphical models
| Statistical inference, especially Bayesian inference

Latent variable models are, basically,
PCA on steroids!

Images due to Chris Bishop, Pattern Recognition and Machine Learning bo




Motivating Applications

A Industry:

I usermodeling, recommender systems, and
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Motivating Applications

A Natural language processing
I Machine translation
I Document summarization
I Parsing
I Question answering
I Named entity recognitio

I Sentiment analysis kil .,_,.,,.,,14.,1_4-#
I Opinion mining




Motivating Applications

A Furtheringscientific understanding in

I Genetics (Pritchard, 2000)
I Climate science (Bain et al., 2011
©x

Cognitive psychology (Griffiths aimdnenbaum2006)

I
I Sociology (HofR008)

I Politicalscience GerrishandBlel 2012)
.
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The humanitiesNlimno, 2012)
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Motivating Applications

A Social network analysis
I ldentify latent social groups/communities
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Motivating Applications

A Computational social science,
RAIAGIE KdzYFyAdGASasz

Neil deGrasse Tyson

In science, when human behavior enters
the equation, things go nonlinear. That's
why Physics is easy and Sociology is hard.
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Example: Mining Classics Journal

Computational Historiography: Data Mining in a Century
of Classics Journals

DAVID MIMNO, Princeton University

More than a century of modern Classical scholarship has created a vast archive of journal publications that is now becoming
available online. Most of this work currently receives little, if any, attention. The collection is too large to be read by any
single person and mostly not of sufficient interest to warrant traditional close reading. This article presents computational
methods for identifying patterns and testing hypotheses about Classics as a field. Such tools can help organize large collections,
introduce younger scholars to the history of the field, and act as a “survey,” identifying anomalies that can be explored using
more traditional methods.

Categories and Subject Descriptors: H.4.0 [Information Systems Applications]: General

General Terms: Experimentation

ACM Reference Format:

Mimno, D. 2012. Computational historiography: Data mining in a century of classics journals. ACM J. Comput. Cult. Herit. 5,
1, Article 3 (April 2012), 19 pages.

DOI = 10.1145/2160165.2160168 http://doi.acm.org/10.1145/2160165.2160168
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Example: Do U.S. Senators from the same stat
prioritize different iIssues? (Grimmer, 2010)
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OThis shows that contrary to the prediction’s from Schiller’s (2000) theory, senators from
the same state emphasize a more similar set of priorities than senators who represent dif-
ferent states, in press releases from 2007.€

Grimmer, J. A Bayesian hierarchical topic modepéditical texts Measuring expressed agendas in Semaess releases 15
Political Analysis, 18(1)%25, 2010.



Example: Influence Relationships in
the U.S. Supreme Court

The Bayesian Echo Chamber: Modeling Social Influence via
Linguistic Accommodation

Fangjian Guo Charles Blundell Hanna Wallach Katherine Heller
Duke University Gatshy Unit, UCL Microsoft Research Duke University
Durham, NC, USA London, UK New York, NY, USA Durham, NC, USA

guo@cs.duke.edu c.blundell@gatsby.ucl.ac.uk wallach@microsoft.com kheller@stat.duke.edu
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Overview of my Research

Evaluation Understand,

1 LQmn explore,
predict

AUUSR

2

L1 LQMcE ! N} AdQmc
Wa[ woZ !'L{c¢! ¢{|QmT
Privacy

Y55Qmox ! - Y55Qmp X !9/ abdmpQ M

I N} A@Qmc Latent ¥ [2Wla QumE ! L{c¢! ¢
variable
models

Older work

YOwQmMn 2 ¢

Generalpurpose modeling frameworks l dza ! LQny 3

L/ a[ Qmp I wSO{ & l t WhwQnc 3




TopicModels(Blelet al., 2003)
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Topics

Topic 1 Topic 2 Topic 3
Reinforcement learning Learning algorithms Character recognition
Bl 'learning' 'algorithm' 'recognition’
Bl | 'state’ 'function' 'character'
DistributionN gl | ' reinforcement’ 'gradient' "neural'’
over al_l — B |'policy! '"problem'’ 'tangent'
words in l "time' "learning' "characters'
dictionary
o
o
o

A vector of discrete probabilities (sums to one)
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Topic Models for Computational Social Science

time
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