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Recent MDSS Kaggle

I search “Facebook Monash MDSS"
I Youtube on Kaggle competition (link from Facebook,

finished 24/08)
I 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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My Career

1985−→ 1989−→ 1990−→ 1996−→ 1998−→ 2001−→

1989−→ 1990−→

2002−→ 2007−→ 2014−→

2002−→ 2007−→
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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)

I theory
I speaking
I management, networking
I business
I development
I teaching and supervision:

I undergraduate
I graduate

I entrepreneur

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

I R&D
I family and lifestyle
I health
I being multi-disciplinary
I develop application areas
I coding as a springboard
I dig in and build a team and develop connections
I be a hotshot in a mid-tier location or a struggler in a top-tier

location?
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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-???? graphical models for machine learning
2001-???? machine learning in text, documents and search
2003-???? topic models
2010-???? nonparametric Bayesian methods
2014-???? machine learning for networks and

semi-structured data
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https://en.wikipedia.org/wiki/Ensemble_learning#Bayesian_parameter_averaging
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Bayesian Networks
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Bayesian Model Averaging for Bayesian Networks

From Madigan and
York, 1995
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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 ) ≈
∑

M∈Good-Models(X )

p(M|X )∑
M∈Good-Models(X ) p(M|X )

p(~x |M,X )

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

1988: Sydney masters project students Suk Wah Kwok and
Chris Carter help me do “averaging” of decision trees.

1990: Graham Williams PhD thesis, ensembles for decision trees.
1990: My PhD thesis, BMA for decision trees.
1990: York and David Madigan develop BMA for Bayesian

networks.
1991: Ken Church (AT&T, 1990) tells me BMA cannot apply to

n-grams!
1994: Leo Breiman developed bagging (or random forests, tree

ensembles) for trees as a Frequentist response:
→ still one of the top performing classification algorithms

1995: 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 selectionW 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

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

More accurately: modelling:
I with a finite but variable number of

parameters;
I more parameters are “unfurled” as needed.
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How Many Species of Mosquitoes are There?

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

K=4? K=5? 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=1,235,791? K=1,719,765? K=2,983,548?
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Which Music Genre’s do You Listen to?

(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?

I Some dimensions are fixed but unknown:
I this uses parametric statistics
I this is not Bayesian non-parametrics

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

I this is Bayesian non-parametrics
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Modelling – What We Need

I matrices, tensors, graphs
I semi-structured data
I preferences, ratings, connections
I bioinformatics, social networks, bibliographic

data
I ever expanding numbers of

items/dimensions/nodes,
not small but unknown numbers
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Bayesian Inference – General Methodology

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

I Bayesian model combinationW and Bayes factorsW for
model selectionW can be used;

I marginal likelihoodW , a.k.a. the evidence for efficient
estimation;

I collapsed Gibbs samplersW , a.k.a. Rao-Blackwellised
samplers, for Monte-Carlo Markov chainW (MCMC)
estimation;

I also blocked Gibbs samplersW .

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

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

From James, Lijoi & Prünster, 2009,
“Posterior analysis for normalized random measures with independent increments”.

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
information;
targeted ad-
vertising;
tracking blogs,
tweets and
search terms.

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

I big data, rich text
I opinions, rants, reviews,

gossip
I informal and formal

language
I links and metadata
I linked data
I context and stucture
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Linked Open Data (Semantic Web)

I Data stored in RDF
(triples) and XML
interlinked via URIs.

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

I Good structured content
for semi-supervised
training.
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Facebook

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

(from Ahmed and Smola, “Graphical Models” tutorial at NIPS 2011)
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Personal/Corporate Data

browse history

tweets

email

letters
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The Data Society

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

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

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

I 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

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

Information propagates.
I Lifecycle of a meme tracks its progress through tweets,

blogs and articles.
I Lifecycle of an article tracks its change over time as other

information integrated.
31 / 53



Information Warfare
Definition: ”the use and management of information in pursuit
of a competitive advantage over an opponent.”

I Email spam, link spam, etc.
I Whole websites are fabricated with fake content to trick

search engines.
I Spammers using social networks to personalise attacks

I 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”

I 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

I Information Access,
I analysis of Information Flow, and
I 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

(from Engadget.com 2011)
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Time on Text Mining in 2012
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NYT and Deep Neural Networks in 2012
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IBM and Watson in 2014
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Text Analytics Vendor Space in 2014

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

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

I qualitative analysis of surveys (customers, staff, web)
I expertise finding and related employee knowledge

management (email, intranet)
I website management (intranet)
I search enhancement
I legal search and discovery (client docs)
I financial (qualitative), policy and political analysis (external

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

Domains: I healthcare and medicine
I public administration, government
I defence/security
I consumer-facing business
I research and intelligence

Usage: I own corporate data versus acquired data
I in-house processing versus outsourced

Tasks: I generating taxonomies
I classifying/tagging documents
I information extraction
I use of dictionaries and ontologies
I sentiment extraction
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Using Information

..............real-time citizen journalism

social media marketing ..............

.............. reputation management

behaviour analysis ..............
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Text Analysis Tasks: Taxonomies

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

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

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

Positive Negative
RT @user : the iPhone is so awe-
some!!! Emailing, texting, surfing the
sametime! — Can do all tgat while
talkin on the phone?...

@user awww thx! I can’t send an email
right now bc my iPhone is stupid with
sending emails. Lol but I can tweet or
dm u?

Ahhh! Tweeting on my gorgeous
iPhone! I missed you! hehe am on my
way home, put the kettle on will you pls
: )

It would appear that the iPhone, due to
construction, is weak at holding signal.
Combine that with a bullshit 3G network
in Denver.
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Text Analysis: State of the Art

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

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

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

I 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

I using Discrete Bayesian Non-Parametrics
I Pitman-Yor processes
I Poisson process techniques

I on complex discrete structures and networks
I for data like

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

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

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

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

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

I Produce graphic.
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Analysing News Articles on Obesity, cont.

48 / 53



My Research: Clustering Tweets

I Use 1 million Tweet collection from ANU,
I incorporate hashtags and author networks into model,
I 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
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Writing: Probabilistic Modelling for Data Science

I On sabbatical, but giving lectures currently at Clayton.
I Lecture slides can be found on Google drive, search

“Wray’s Slides”
I Introduction to statistical reasoning for machine learning.

I causality, independence, decision theory, information
I exponential family distributions and inference
I basic statistic processes with additive distributions
I Monte Carlo Markov chain sampling
I probability networks, inference, collapsing and augmenting

distributions
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https://drive.google.com/drive/folders/0B4wDFbhepc1fTWw2OVVkZldOTVk


Questions?

Questions?
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