Doing Bayesian Text Analysis
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» search “Facebook Monash MDSS"

» Youtube on Kaggle competition (link from Facebook,
finished 24/08)
» Quantify - The University Datathon (starting 26/09)
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https://www.facebook.com/monashuniversitydatasciencesociety/
https://www.youtube.com/watch?v=5Wpd9mqQhoI
https://www.facebook.com/events/464550683916729/
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Creating a Web Profile

Blog on Wordpress: https.//topicmodels.org/

Google Scholar: Wray Buntine
Quora: https.//www.quora.com/profile/Wray-Buntine
GitHub: https.//github.com/wbuntine
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https://topicmodels.org/
https://scholar.google.com/citations?user=J2pGGuAAAAAJ
https://www.quora.com/profile/Wray-Buntine
https://github.com/wbuntine

Know Your Strengths (and weaknesses)

v

theory

speaking

management, networking
business

v

v

v

v

development
teaching and supervision:

» undergraduate
» graduate

v

v

entrepreneur

aim for the best, plan for the worst!
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Long Term Planning

» R&D

» family and lifestyle

» health

» being multi-disciplinary

» develop application areas

» coding as a springboard

» dig in and build a team and develop connections

» be a hotshot in a mid-tier location or a struggler in a top-tier
location?

53



Outline

_discovery
information retrieval

multinomial

semantics

topic model
latent

independent component analysis
correlations yariable

Dirichlet
nonneganve matrix factorization
. variational_m mixtur
Gibbs sampling
statisticalachine learning
SIBayesiantext
natural language
unsupervised

clustering likelihood
“estimation

7/53



Background: Research Areas

1987-1990 inductive logic programming

1988-1993 Bayesian decision trees (inspired Breiman’s
“bagging”)

1990-1995 (Bayesian) model averaging, BMA (major
development in statistics)

1993-?7?? graphical models for machine learning
2001-???? machine learning in text, documents and search
2003-?7?7?7? topic models

2010-???? nonparametric Bayesian methods

2014-???? machine learning for networks and
semi-structured data

7/53


https://en.wikipedia.org/wiki/Ensemble_learning#Bayesian_parameter_averaging
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Bayesian Networks
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p(X,=1)=80

P(%=1]| X;=1)=.80
p(%=1| X,=0)=20
Increase in
calcium

11 X,=1)=.80
11 X;=0)=20

Brain tumor

p

(%
%

1)=.80
0)=20

24226 ¢
nonm i n

vvvv
Tononon
N O
s NolieNel

Deep coma Severe headache



Bayesian Model Averaging for Bayesian Networks

Summaries of the posterior distributions of N for the spina bifida
data for all models with posterior probability greater than 0.01.
N is a Bayes estimate, minimizing a relative squared error loss

function
Posterior
Model Prob. N | 25%,97.5%
0373 | 731 | (701,767
0 0 Q 0301 | 756 | (714,811)
0281 | 712 | (681,751)
g 0.036 | 697 | (628,934)
Model Averaging — 731 (682,797)

From Madigan and
York, 1995



Bayesian Model Averaging for Bayesian Networks,
cont

Build a pool of “good” models (i.e., the graphical structures)
based on the training data: Good-Models(X).

BMA estimate of probability for new data X given training
sample X is

p(x|X) ~ >

MeGood-Models(X)

p(M|x)
> McGood-Models(x) P(M|X)

p(IM, X)

Question: how do we build “good” models given there are a
combinatoric number?
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Bayesian Model Averaging Storyline

1988:

1990:
1990:
1990:

1991:

1994:

1995:

Sydney masters project students Suk Wah Kwok and
Chris Carter help me do “averaging” of decision trees.

Graham Williams PhD thesis, ensembles for decision trees.

My PhD thesis, BMA for decision trees.

York and David Madigan develop BMA for Bayesian
networks.
Ken Church (AT&T, 1990) tells me BMA cannot apply to
n-grams!
Leo Breiman developed bagging (or random forests, tree
ensembles) for trees as a Frequentist response:

— still one of the top performing classification algorithms
Willems, Shtarkov, Tjalkens adapt BMA for n-grams,
context tree weighting (CTW) for lossless compression.
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https://hk.linkedin.com/in/suk-wah-kwok-84365420
https://www.business.unsw.edu.au/our-people/chriscarter
https://togaware.com/about/graham-williams/
http://datascience.columbia.edu/david-madigan-0
https://en.wikipedia.org/wiki/Leo_Breiman
https://en.wikipedia.org/wiki/Context_tree_weighting
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What are Parametric Methods?

By statistics: modelling with a fixed number of parameters,
e.g., linear regression

Common extension: add a dimension parameter and use
model selection”” to estimate,
e.g., linear regression with polynomials of order K
(unknown)
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What are Non-parametric Methods?

By classical statistics: modelling without parameters,
e.g., nearest neighbour methods
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What are Non-parametric Methods?

By classical statistics: modelling without parameters,
e.g., nearest neighbour methods

By Bayesian statistics: modelling with an infinite number of
parameters.
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What are Non-parametric Methods?

By classical statistics: modelling without parameters,
e.g., nearest neighbour methods

By Bayesian statistics: modelling with an infinite number of
parameters.

More accurately: modelling:

» with a finite but variable number of
parameters;
» more parameters are “unfurled” as needed.

13/53



How Many Species of Mosquitoes are There?

Anapheies dirus D Anopheles elegans
|| Anophetes cracens® Anopheles nemophilaus
Anopheles scanfont - Anopheles takasagoensis

Taiwan

Anapheles haimaii - Anopheles aff. takasagoensis

Hainan
Island

India

Andaman B
(India)
Malaysia
* Extension of An. cracens in Sumatra not shown Q

e.g. Given some measurement points about mosquitoes in
Asia, how many species are there?

K=4? K=57 K=6 K=8?
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How Many Words in the English Language are There?

... lastly, she pictured to herself how this same little sister of hers would,
in the after-time, be herself a grown woman; and how she would keep,
through all her riper years, the simple and loving heart of her childhood:
and how she would gather about her other little children, and make their
eyes bright and eager with many a strange tale, perhaps even with the
dream of wonderland of long ago: ...

e.g. Given 10 gigabytes of English text, how many words are
there in the English language?

K=1,235,7917 K=1,719,7657 K=2,983,5487
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Which Music Genre’s do You Listen to?

Every Noise at Once scan

metalcore
y dream pop
death core
B e noise rock
screamo
melodic metalcore £ o
progressive metal christian alte
nUMeRl mahcore mres british poj naise pop vaporwave
speed metal ek ock  madchester To-fi
- Ik i roc S progressive rock
thrash meta fangle | L — ambient oo ol "™ rd america
Jrock oSy i icoanicpop oo freak fol
graove mel dient  grunge rock garage rock P Chillwave slow core
" punk . indie rock he-pop
post-hardcore
hard rock power pop protopunk experimental rock Chfg':ff\f\‘._’f
grave wave
melodic hardcore glam rock alternative rock stomp and holler
skate punk indi ano rock  anti-folk
sl industrial rock incie:pop beat indie folk
S crossover thras album rock RSP .

(see http://everynoise.com)
Music genre’s are constantly developing.
Which ones do you listen to?
What is the chance that a new genre is seen?
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What is an Unknown Dimension?

» Some dimensions are fixed but unknown:

» this uses parametric statistics
» this is not Bayesian non-parametrics

» Some dimensions keep on growing as we get more
data:

» this is Bayesian non-parametrics

17/53



Modelling — What We Need

» matrices, tensors, graphs
» semi-structured data
» preferences, ratings, connections

» bioinformatics, social networks, bibliographic
data

» ever expanding numbers of
items/dimensions/nodes,
not small but unknown numbers

18/53



Bayesian Inference — General Methodology

Bayesian inferenceV is particularly suited for intelligent
systems in the context of the previous requirments:

» Bayesian model combination’V and Bayes factors"” for
model selection’’V can be used;

» marginal likelihood"”, a.k.a. the evidence for efficient
estimation;

» collapsed Gibbs samplers™V, a.k.a. Rao-Blackwellised
samplers, for Monte-Carlo Markov chain’’ (MCMC)
estimation;

» also blocked Gibbs samplers™”.
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Bayesian Inference — General Methodology

Bayesian inferenceV is particularly suited for intelligent
systems in the context of the previous requirments:

» Bayesian model combination’V and Bayes factors"” for
model selection’’V can be used;

» marginal likelihood”, a.k.a. the evidence for efficient
estimation;

» collapsed Gibbs samplers™V, a.k.a. Rao-Blackwellised
samplers, for Monte-Carlo Markov chain”’V (MCMC)
estimation;

» also blocked Gibbs samplers™”.

Wikipedia coverage of Bayesian non-parametrics is patchy.
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I’'m not bad, | was just drawn that way

I'm not bad, I was juﬁt drawn that way

Jessica Rabbit in “Who Shot Roger Rabbit?”
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I’'m not complex, | was just written that way

For any topological space T, %(7T) will denote the Borel o-field of subsets of 7. Let
(Q, .#, P) be some probability space and X be complete, separable and endowed with a metric
dx. Define on (€, .#, P) a Poisson random measure N on S=R* x X with intensity measure
v. This means that

(i) for any C in Z(S) such that v(C)=E[N(C)]<oo, the probability distribution of the
random variable N(C) is Poisson(v(C));

(i) for any finite collection of pairwise disjoint sets, A,,. .., Ak, in #(S), the random vari-

ables N(A,),...,N(Ay) are mutually independent.

Moreover, the measure v must satisfy the following conditions,
/ sv(ds, X)<oo, W[l,00) x X) <oo.
Jo1y

We refer to Daley & Vere-Jones (1988) for an exhaustive account on Poisson random
measures.

From James, Lijoi & Prlnster, 2009,
“Posterior analysis for normalized random measures with independer

Disclaimer: excellent paper, and the complexity is a necessary part of
the precision required for mathematical analysis ... but its not needed

in machine learning!
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http://onlinelibrary.wiley.com/doi/10.1111/j.1467-9469.2008.00609.x/abstract
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The Internet Society

, Consumer
et & information;

INSPHATIONB

S@C|A|_ targeted ad-

Z el vertising;

tracking blogs,

tweets and
search terms.

>
ADVERTISINQ

Document analysis and text mining has taken on a new
life. Business, government and consumer ramifications still
unfolding.
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Social Media

» big data, rich text e T orde ST s
» opinions, rants, reviews,
gossip TechCrunch

» informal and formal NGRS

language R§myspacs;com

» links and metadata

» linked data

» context and stucture oy
WIKTfﬁDIA
Qe
flickr =/

Linked [
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Linked Open Data (Semantic Web)

» Data stored in RDF
(triples) and XML
interlinked via URls.

» Information Extraction is
integrated (e.g.,
OpenCalais).

» Good structured content
for semi-supervised
training.
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Facebook

500 million 30-day active users

[— § s

facebook

Graphics from Lars Backstrom, ESWC 2012

The Friendship graph

500M users each connect to an
average of 130 other users =
~ 60 Billion Edges

(from Smyth, “Probabilistic Models” invited talk at ECML-PKDD 2012)
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Web Data

. Webpages (content, graph)

. Clicks (ad, page, social)

. Users (OpenlD, FB Connect)

. e-mails (Hotmail, Y!Mail, Gmail)

. Photos, Movies (Flickr, YouTube, Vimeo ...)
. Cookies / tracking info (see Ghostery)

¢ Installed apps (Android market etc.)

¢ Location (Latitude, Loopt, Foursquared)

. User generated content (Wikipedia & co)
. Ads (display, text, DoubleClick, Yahoo)

. Comments (Disqus, Facebook)

. Reviews (Yelp, YlLocal)

e Third party features (e.g. Experian)

. Social connections (LinkedIn, Facebook)
. Purchase decisions (Netflix, Amazon)

¢ Instant Messages (YIM, Skype, Gtalk)

¢ Search terms (Google, Bing)

¢ Timestamp (everything)

. News articles (BBC, NYTimes, Y!News)

. Blog posts (Tumblr, Wordpress)

. Microblogs (Twitter, Jaiku, Meme) > ] OB UseFUI Webpages
(from Ahmed and Smola, “Graphical Models” tutorial at NIPS 2011)

(=] = = = = A
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Personal/Corporate Data

3/Aua/a00s 315112 134875145

[03/Au3/2008:21:46:00 [57.104.84.201
[03/Aug/2008:21:45:53 [57.104.84.201
(03/Aua/2008:21:42:38 [57.108.84.201

browse history

tweets

Wray Buntine
On #education, see OECD's Programme for Internl. Student
Assessment, bit.ly/R4zr4T, AU and NZ do OK. Sourced huff.to/SbJlzX|

[ Hide summary

email

From:
To:
Date: Hon, 6 Jan 2014 14:51:05 +1160
Subject
Content Type: text/html; charset-*utf-g"
Content-Transfer-Encoding: bas
Message-ID:
Return-Path: it@nicta.c
XCMS- Exchange-0 rganization-Authource: atp-exchcasl.in,nicta.can.au
MIME-Version: 1.0

PG11dGEgaHRACC11cXV pdj 01029udGVudCLUEXBLI1B jb256ZWS0PS]0ZXhL2h0bkT IGNOYX Iz
CmFSIE] 1bnRpbmUsIDx1cj 48YnI+UGX1YXNLIGZpbmQgYmVsb3cgYSBsaXNOIGOmIES] Q1RBIE

<it@nicta.com.au>
<Wray .Buntinegnicta.com.au>

ptus Mobile Usage Report for Wray Buntine (BILLING PERIOD: December 2013)

<daBl1487- EaEb 40&3 b2bl-c39ce3a36dda@ATP -EXCHCAS].in.nicta. com. au>

90 XRL TgiP jxkaXY gC3RSbGUIImZy bnQt ZmF takx 50 1BDYWpYn] pL Bz WSZLXNL cnlmLj 5X

letters

(e

NICTA

Prof Zoubin Ghahramani
Computational and Biological Learning Lab
Department of Engineering, University of Cambridge

25" December, 2012
Dear Prof. Ghahramani

Ihave been Michael Jordan's supervisor for the last three years. In that time Michael
has made great progress towards his PhD and obtained impressive results in Bayesian
machine learning, jointly publishing dozens of journal papers each year.. While his
masters as in psychology, his strong statistical and mathematical background meant he
could quickly understand the material required. In fact, his first paper towards

27/53



The Data Society

» Your life is recorded: phone calls, mobile, internet access,
email, GPS, financial, health, and coming soon RFID tags,
DNA and pharmaceuticals.

» The “web of things”is becoming a reality, following Linked
Open Data and the Internet.

» The British Academy wonders about
effects of the rapid rise of the data society (Dec 2010).

» Data Science is here.

Data (and text) is now viewed as a key resource for busi-
ness, its collection and analysis valued.
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http://videolectures.net/www2011_grobelnik_fortuna_wot/
http://www.britac.ac.uk/events/2010/SpeedData-ing.cfm

Information Overload
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Information Overload

langwitches’ photostream @ Flickr

serves this purpose.

We need new tools to help us: organize, search, summarise
and understand information. The field of Information Access

[m]

=

30/53
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Information Flow

Information propagates.

» Lifecycle of a meme tracks its progress through tweets,
blogs and articles.

» Lifecycle of an article tracks its change over time as other
information integrated.

[m] = -

D¢
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Information Warfare

Definition: "the use and management of information in pursuit
of a competitive advantage over an opponent.”
» Email spam, link spam, etc.
» Whole websites are fabricated with fake content to trick
search engines.
» Spammers using social networks to personalise attacks
» BBC reports trust in information on the web is being
damaged (Dec. 2011)
‘by the huge numbers of people paid by companies to post
comments”
» People think “news organizations tend to favor one side,” ...
and “are often influenced by powerful people and
organizations” says Pew Research Center (Sept. 2011)

It's an information war out there on the internet (between con-
sumers, i.e., you, companies, not-for-profits, voters, parties, news
publishers, ...).
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http://www.net-security.org/article.php?id=1649
http://www.bbc.co.uk/news/technology-15869683
http://www.people-press.org/2011/09/22/press-widely-criticized-but-trusted-more-than-other-institutions/

Language Technologies and ...

Language Technologies and Machine Learning are the
front-line technologies for

» Information Access,
» analysis of Information Flow, and
» Information Warfare
on the Internet, Social Media and Linked Open Data.

We're the rocket scientists of the 2010’s.
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IBM/Watson on Jeopardy in 2011

IBM's Watson supercomputer destroys all
humans in Jeopardy practice round
(video!)

oaaa

(from Engadget.com 2011)
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Time on Text Mining in 2012

TIME ...

Redeem Travel
10ct-150ct 14 10ct-15 Dec 14

&{H{ﬁ

Terms and co

Epro
EPgI{DH%EEFS REDEEM YOUR FLIGHT NOW

TECHNOLOGY & MEDIA

Why Text Mining May Be The Next Big Thing

By Gary Belsky @

March 20, 2012 ' 2 Comments

EE ] wves(ms) 800 s [swe &) (Pa | e iaer

“Big Data” is a hot topic in the business world
these days. But there’s a subset of this broad
field that has yet to take a turn in the
spotlight. It’s called “text mining,” and you're
probably going to be hearing a lot more about
it over the coming months and years. Basically,

tevt mininm ic the nracecs af ramhina thranah
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NYT and Deep Neural Networks in 2012

Ehe New York Eimes Business Day

Technology

WORLD U.S. N.Y./REGION  BUSINESS TECHNOLOGY SCIENCE HEALTH SPORTS OPINION

ROLEX Rolex-made in Switze

How Many Computers to Identify a Cat? 16,000

- -~ g




IBM and Watson in 2014

BUSINESSDAY

HOME WORLD MARKETS COMPANIES ECONOMY INTELLIGENCE PERSONAL FINANCE

Training Special Reporis Contact Us About Us Stay Connected

How Watson Changed IBM

014 | L Filed under: Monday

eptember 8 Morning | & Author:

R | wrweet(12] [ Pinie] 1

When IBM's “Watson” computer competed on “Jeopardy” and won, it demonstrated that machines could
understand and interact in a natural-language, question-and-answer format and learn from their mistakes.
That meant that machines could deal with the non-numeric information that is getting hard for humans to keep
track of, including the knowledge coming out of human genome research and medical information in patient
records.

So IBM asked how the fullest potential of this breakthrough could be realized and how the company could
create and capture a significant portion of that value.

IBM decided to release Watson to the world as a platform, to run experimentis with a variety of organizations to

37/53



Text Analytics Vendor Space in 2014

A|c|nem)/API
Crimson Hexagon

LeXOl)’TiCSgEgpldeer
—"Clarabridge
TEI\/IIS

: Thomson Re ?er‘s enTe
Do Google
— I BM ememeo
|n9uomcﬂcs
. Radian6é
A’r”rensﬁry e

(from Grimes, “Text Analytics 2014” market study by Alta Plana)
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What Can Companies Do with Text?

» customer interaction and analysis (web feedback, call
centres)

» qualitative analysis of surveys (customers, staff, web)

» expertise finding and related employee knowledge
management (email, intranet)

» website management (intranet)
» search enhancement
» legal search and discovery (client docs)

» financial (qualitative), policy and political analysis (external
docs)

» business intelligence (external docs)
» record matching (names and addresses in databases)
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What Can Companies Do with Text? cont.

Domains:

Usage:

Tasks:

healthcare and medicine

public administration, government
defence/security
consumer-facing business
research and intelligence

own corporate data versus acquired data
in-house processing versus outsourced

generating taxonomies
classifying/tagging documents
information extraction

use of dictionaries and ontologies
sentiment extraction
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Using Information

Real Time Citizen Journalism in Mumbai
Terrorist Attacks

= = "l R real-time citizen journalism
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Text Analysis Tasks: Taxonomies

(The Earth 01 o 3
Life 02 © l\
|
|
|
|
|

e =
|4 The external world 01 }4

{ Existence in time and space 05 |®

{ Relative properties 06 jo

+/ Society/the community 01}~ .

+ Inhabiting/dwelling 02 | s ) B 7

+| Armed hostility 03 | T The World S N

= Authority 04 | o e ﬁm}@ \

+ Morality 05 | N 7 Emotion 02 & !

+[Education 06 | The social world 03 :r ///// (Philosophy 03 }> i

*{ Faith 07 | w The mental world 02 Jo| Aozthetics 04 ]m. |

+/ Communication 08 | e L J ofwill 050 |

+/ Travelitravelling 09 ;} /,// R Refusalidenial 06 | !

“ m\‘ — T Havinglpossession 07 Jo |

“ Leisure 11| ///// \\\\\ Language 08 | }

Tasks:
» creating a suitable taxonomy for your collection
» classifying new documents into an existing taxonomy
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Text Analysis Tasks: Named-Entities and Key Phrases

RT @user : the iPhonepogyct is S0 awe-
some!!l Emailing, texting, surfing the
sametime! — Can do all tgat while
talkin on the phone?...

It would appear that the iPhoneprogucts
due to construction, is weak at holding
signal. Combine that with a bullshit 3G
networkpnrase in Denvergiy .
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Text Analysis Tasks: Sentiment

Negative

Positive
RT @user : the iPhone is so awe-
somelll  Emailing, texting, surfing the

@user awww thx! | can’t send an email
right now bc my iPhone is stupid with

sametime! — Can do all tgat while | sending emails. Lol but | can tweet or
talkin on the phone?... dmu?
Ahhh!  Tweeting on my gorgeous | It would appear that the iPhone, due to

iPhone! | missed you! hehe am on my
way home, put the kettle on will you pls

)

construction, is weak at holding signal.
Combine that with a bullshit 3G network
in Denver.

44/53



Text Analysis: State of the Art

» deep neural networks has revolutionised text analysis and
is now state of the art for most tasks.

» the book Deep Learning by Goodfellow, Bengio and
Courville, 2017 covers methods (not text analysis)

» deep neural networks doesn’t cover “smaller data" tasks
and prior knowledge as well

» traditional statistical machine learning still has a lot of work!
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http://www.deeplearningbook.org/
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My Research: Discrete Bayesian Non-Parametrics

» using Discrete Bayesian Non-Parametrics

» Pitman-Yor processes

» Poisson process techniques
on complex discrete structures and networks
for data like

» knowledge graphs
» WordNet, parse trees
» citation networks with abstracts

yielding state-of-the-art software for several problems

v

v

v

Applied to Machine Learning by folks like Lancelot James
(HKUST) and Yee Whye Teh (Oxford).
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My Research: Analysing News Articles on Obesity

» Use 900 articles on the ABC website containing the
keyword “obesity.”

» Analyse with non-parametric topic model to “summarise”
main topics.

» Produce graphic.

47/53



Analvsmq News Artlcles on Obesﬁv, cont.

Premier, . year problem _ know N

prevenvtatl\/e ‘— mmgenous 'f| Pdlng \ australian
\. ) \ 019 oet’ / australia

\ ' / s t;?eléﬁeneed
ort

launch Sulveyngme

omw%ese ,

- kidr‘ parent

:thJnoJ!'o obesity

fgod H sthdel

student

g htv
P/]atc /

junk-food ban™\

“child

advertising

f’a‘st—food
mcdonald

. différent meal e ) _
) \. ~
" stroke S \L — — u o S
S ud j\ \.american
doctor condition I / o

researcher Surge ; ——
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My Research: Clustering Tweets

» Use 1 million Tweet collection from ANU,
» incorporate hashtags and author networks into model,
» hierarchical information sharing from combination.
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Clustering Tweets using Author Networks and
Hashtags

hierarchical model integrating hashtags (y), word content (w),
author network (x)
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Clustering Tweets, Results

Table 7: Topical analysis on the T6 dataset with the TNTM, which displays the top
three hashtags and the top n words on six topics. Instead of mamually assigning a topic

label to the topics, we find that the top hashtags can serve as the topic labels.

Topic Top Hashtags Top Words
. finance, money, bank, marketwatch,
Topic 1 finance, money, economy
stocks, (hlIlH. group, shares, sales
. ()hh(s iran, 1ran(—ll(-‘( tion, tcot,
Topic 2 politics, iranelection, tcot P
tlot, t()ppr()g,, obama, musiceanewsfeed
. . music, folk, IIl()I]bf(—‘I‘ head, po
Topic 3 music, folk, pop Pop;
free, 1nd1€ H.lbum gratuit, dernier
. sports, women, f()()tball win, game,
Topic 4  sports, women, asheville P &
top, world th(-‘\’l].].(-‘ vols, team
. tech, news, jquery, jobs, hirin,
Topic 5 tech, news, jobs jquery, | &
ngIIl()b g,()()g,le reuters
. . . science, news, source, study, scientists,
Topic 6 science, news, biology

cancer, researchers, brain, biology, health
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Writing: Probabilistic Modelling for Data Science

» On sabbatical, but giving lectures currently at Clayton.

» Lecture slides can be found on Google drive, search
“Wray’s Slides”

» Introduction to statistical reasoning for machine learning.
» causality, independence, decision theory, information

vV vy VvVvyy

exponential family distributions and inference

basic statistic processes with additive distributions

Monte Carlo Markov chain sampling

probability networks, inference, collapsing and augmenting
distributions
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https://drive.google.com/drive/folders/0B4wDFbhepc1fTWw2OVVkZldOTVk

Questions?

|ee

013Ul

moidoXnz

Welapyeyaioow

(pede

==
85

E__m_s ___v_v_mwm_
eflogeAfu

(eeI00
mm_%s:g

e dv

vodow u_Nma
ey = et # oyt RIS £

A U]

esee0)| 16

opediiqo

~dnydip

em

ogudeud

=
=}
=
=
=
=

53/53



	Career
	Research
	Bayesian Model Averaging
	Bayesian Non-parametrics
	Other Issues

	Motivating Text and Documents
	In The News!
	Working with Text
	Recently

