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Learning Strategy

• Assignments.

• Computer laboratories.

• Class exercises and discussion.

• Some, but not many, slides.
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Main classroom rule next...
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You Have Just Entered a ...

SCREEN-FREE
ZONE
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Classroom Rules

• NO switched on mobile phones.

• NO texting.

• NO *exting.

• NO open iPads.

• NO iPods.

• NO other iDevices.

• NO open laptops.

5

Classroom Rules (continued)

• NO facebooking.

• NO tweeting.

• NO X-ing.

• NO googling.

• NO snapchatting.

• NO instagramming.

• NO google glassing.
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Classroom Rules (continued)

• NO tindering.

• NO you-tubing.

• NO tumblring.

• NO grindring.

• NO fortniting.

• NO tik-toking.

• NO hinge-ing.

• NO reddit-ing.
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Classroom Rules (continued)

• NO chat GPT-ing.

• NO grok-ing.

• NO gemini-ing.

• NO copilot-ing.

• NO claude-ing.

• NO meta glass-ing.
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Yes, this class is a ...

SCREEN-FREE
ZONE

Clarifications?
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Just to be sure... that’s NO to:

switched on mobile phones, texting, *exting,

open iPads, iPods, other iDevices, open laptops,

facebooking, tweeting, X-ing, googling,

snapchatting, instagramming, google glassing,

tindering, you-tubing, tumblring, grindring,

fortniting, tik-toking, hinge-ing, reddit-ing,

chat GPT-ing, grok-ing, gemini-ing, copilot-ing,

claude-ing, meta glass-ing.
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Lecturer’s More Recent History (Current Century)

• 2011–: Distinguished Professor of Statistics at
University of Technology Sydney.

• 2007–2010: Research Professor in Statistics at
University of Wollongong.

• 2003–2006: Professor of Statistics at
University of New South Wales.

• 1997–2002: Associate Professor of Biostatistics at
Harvard School of Public Health, USA.
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Next...

SOME INDICATORS
THAT STATISTICS

IS VERY IMPORTANT
IN 2026
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A 2017 Press Release
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A 1999 Research Paper by Z. Ghahramani
Machine Learning, 37, 183–233 (1999)
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Abstract. This paper presents a tutorial introduction to the use of variational methods for inference and learning
in graphical models (Bayesian networks andMarkov randomfields).We present a number of examples of graphical
models, including theQMR-DT database, the sigmoid belief network, the Boltzmannmachine, and several variants
of hiddenMarkov models, in which it is infeasible to run exact inference algorithms.We then introduce variational
methods, which exploit laws of large numbers to transform the original graphical model into a simplified graphical
model in which inference is efficient. Inference in the simpified model provides bounds on probabilities of interest
in the original model.We describe a general framework for generating variational transformations based on convex
duality. Finally we return to the examples and demonstrate how variational algorithms can be formulated in each
case.

Keywords: graphical models, Bayesian networks, belief networks, probabilistic inference, approximate infer-
ence, variational methods, mean field methods, hidden Markov models, Boltzmann machines, neural networks

1. Introduction

The problem of probabilistic inference in graphical models is the problem of computing a
conditional probability distribution over the values of some of the nodes (the “hidden” or
“unobserved” nodes), given the values of other nodes (the “evidence” or “observed” nodes).
Thus, letting H represent the set of hidden nodes and letting E represent the set of evidence
nodes, we wish to calculate P(H | E):

P(H | E) = P(H, E)

P(E)
. (1)
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Figure 1 of 1999 Paper by Z. Ghahramani
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Figure 1. A directed graph is parameterized by associating a local conditional probability with each node. The
joint probability is the product of the local probabilities.

and other exact inference algorithms, see Shachter, Andersen, and Szolovits (1994); see
also Dechter (1999), and Shenoy (1992), for recent developments in exact inference). Our
intention here is not to provide a complete description of the junction tree algorithm, but
rather to introduce the “moralization” and “triangulation” steps of the algorithm. An un-
derstanding of these steps, which create data structures that determine the run time of the
inference algorithm, will suffice for our purposes.1 For a comprehensive introduction to the
junction tree algorithm see Jensen (1996).
Graphical models come in two basic flavors—directed graphical models and undirected

graphical models. A directed graphical model (also known as a “Bayesian network”) is
specified numerically by associating local conditional probabilities with each of the nodes
in an acyclic directed graph. These conditional probabilities specify the probability of node
Si given the values of its parents, i.e., P(Si | Sπ(i)), where π(i) represents the set of indices
of the parents of node Si and Sπ(i) represents the corresponding set of parent nodes (see
figure 1).2 To obtain the joint probability distribution for all of the N nodes in the graph,
i.e., P(S) = P(S1, S2, . . . , SN ), we take the product over the local node probabilities:

P(S) =
N∏

i=1
P
(
Si | Sπ(i)

)
(2)

Inference involves the calculation of conditional probabilities under this joint distribution.
An undirected graphical model (also known as a “Markov random field”) is specified

numerically by associating “potentials” with the cliques of the graph.3 A potential is a
function on the set of configurations of a clique (that is, a setting of values for all of the
nodes in the clique) that associates a positive real number with each configuration. Thus,
for every subset of nodes Ci that forms a clique, we have an associated potential φi (Ci )

(see figure 2). The joint probability distribution for all of the nodes in the graph is obtained
by taking the product over the clique potentials:

P(S) =
∏M

i=1 φi (Ci )

Z
, (3)
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Figure 2. An undirected graph is parameterized by associating a potential with each clique in the graph. The
cliques in this example are C1 = {S1, S2, S3}, C2 = {S3, S4, S5}, and C3 = {S4, S5, S6}. A potential assigns a
positive real number to each configuration of the corresponding clique. The joint probability is the normalized
product of the clique potentials.

where M is the total number of cliques and where the normalization factor Z is obtained
by summing the numerator over all configurations:

Z =
∑

{S}

{
M∏

i=1
φi (Ci )

}

. (4)

In keeping with statistical mechanical terminology we will refer to this sum as a “partition
function.”
The junction tree algorithm compiles directed graphical models into undirected graphical

models; subsequent inferential calculation is carried out in the undirected formalism. The
step that converts the directed graph into an undirected graph is called “moralization.” (If the
initial graph is already undirected, thenwe simply skip themoralization step). To understand
moralization, we note that in both the directed and the undirected cases, the joint probability
distribution is obtained as a product of local functions. In the directed case, these functions
are the node conditional probabilities P(Si | Sπ(i)). In fact, this probability nearly qualifies
as a potential function; it is certainly a real-valued function on the configurations of the set
of variables {Si , Sπ(i)}. The problem is that these variables do not always appear together
within a clique. That is, the parents of a common child are not necessarily linked. To be
able to utilize node conditional probabilities as potential functions, we “marry” the parents
of all of the nodes with undirected edges. Moreover we drop the arrows on the other edges
in the graph. The result is a “moral graph,” which can be used to represent the probability
distribution on the original directed graph within the undirected formalism.4
The second phase of the junction tree algorithm is somewhat more complex. This phase,

known as “triangulation,” takes a moral graph as input and produces as output an undirected
graph in which additional edges have (possibly) been added. This latter graph has a special
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A 2020 Press Release
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Australia’s Leading Bayesian Statistician
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One of Many Mengersen Applications is HEALTH
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Figure 2 from Reddan, . . ., Mengersen, 2019
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Some Other Current Examples

• Business forecasting for the COVID-19 pandemic recovery
(led by Professor Rob Hyndman, Monash University).

• Computationally intensive statistical approaches to understanding
genetic basis to susceptibility to human diseases such as Type
1 diabetes (led by Sir Professor Peter Donnelly, University of
Oxford, U.K.).

• The Netflix streaming service company having a booth at the
last pre-pandemic Joint Statistical Meetings in Denver U.S.A.
during August 2019 (attended by the lecturer).

• Estimation of the global geographic distribution of carbon
dioxide in the atmosphere using remote sensing (led
by Professor Noel Cressie, University of Wollongong,
in partnership with the U.S. National Aeronautics Space
Administration (NASA)).
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Main Topics

Topic 1 Probabilistic Graph Theory

Topic 2 Bayesian Statistical Inference

Topic 3 Bayesian Inference Engines

Topic 4 Advanced Bayesian Statistical

Models and Analyses
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Major Goal for this Subject

By Week 6, tool you up to be able to do

ANY→

data analysis, no matter how complex,

– and understand the underyling maths.

→ To be qualified later.
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Path to Achieving Goal

• Draft book chapters of GRAPH THEORY
AND STATISTICS by M.P. Wand.

• The R computing environment.

• The JAGS and Stan inference engines and
their interface with R.

• IMPORTANT: no assumed knowledge of
any of the above!
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Reminder of Our Goal Until Week 6

Tool you up to be able to do

ANY→

data analysis, no matter how complex,

– and understand the underyling maths.

→ To be qualified later.
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Impetus for Topics 1 and 2

GRAPHICAL MODELS approach to Advanced
Bayesian Methods:

• is very powerful

• goes well beyond Statistics, including
Machine Learning

• important for confronting the BIG DATA era.
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THE
SEX

PART
29

THE SEX LIFE
OF NODES
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QUESTION: What is a node?

ANSWER: A node is an abstract
mathematical (set-theoretic)
entity, usually depicted as a
circle in books and papers.
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Nodes attached to random variables

are called probabilistic nodes.

33

34

Nodal sex leads to baby nodes...
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Nodal sex much more intriguing

than in the human and animal worlds...
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... including even virgin births!
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Finally, there is the nodal free-for-all...
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Two Types of Node Gatherings

• DAGs.

• Undirected graphs.
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DAG (lots of nodal sex)

●
X1

●X2

●X3 ●
X4

●X5 ● X6

●
X7

Undirected graph
(no sex, more like holding hands)

●
X1

●X2

●X3 ●
X4

●X5 ● X6

●
X7
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DAGs have Rules
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INTRODUCING: Bob, Jessica and Nathaniel

Bob the DAG

X1

X2
Jessica the DAG

X1

X2 X3

Nathaniel the DAG

X1

X2
X3

X4 X5

X6 X7 X8
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Not to be confused with...

Bob the dag, Jessica the dag...
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... and Nathaniel the dag
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Bob, Jessica and Nathaniel the DAGs

Bob the DAG

X1

X2
Jessica the DAG

X1

X2 X3

Nathaniel the DAG

X1

X2
X3

X4 X5

X6 X7 X8
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Subject Web-Site

matt-p-wand.net/37457.html

(or do a web search for ‘Matt Wand UTS’
and follow logical links)
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Last Item Before Break

QUESTIONS?
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