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ABSTRACT
In the last years, there have been a significant growth of
multimedia information processing applications that employ
ideas from statistical machine learning and probabilistic mod-
eling. In this paradigm, multimedia data (music, audio,
video, images, text, ...) are viewed as realizations from
highly structured stochastic processes. Once a model is con-
structed, several interesting problems such as transcription,
coding, classification, restoration, tracking, source separa-
tion or resynthesis etc. can be formulated as Bayesian in-
ference problems. In this context, graphical models provide
a ”language” to construct models for quantification of prior
knowledge. Unknown parameters in this specification are
estimated by probabilistic inference. Often, however, the
problem size poses an important challenge and in order to
render the approach feasible, specialized inference methods
need to be tailored to improve the computational speed and
efficiency.

The scope of the proposed tutorial is as follows: First,
we will review the fundamentals of probabilistic models,
with some focus on music, video and text data. Then, we
will discuss the numerical techniques for inference in these
models. In particular, we will review exact inference, ap-
proximate stochastic inference techniques such as Markov
Chain Monte Carlo, Sequential Monte Carlo and determin-
istic (variational) inference techniques. Our ultimate aim
is to provide a basic understanding of probabilistic mod-
eling for multimedia processing, associated computational
techniques and a roadmap such that information retrieval
researchers new to the Bayesian approach can orient them-
selves in the relevant literature and understand the current
state of the art.
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1. DESCRIPTION OF THE TUTORIAL
The Bayes’ theorem is a fundamental result in probability

theory, which has surprisingly broad practical applications.
It is a statement about the relation between conditional and
marginal probability distributions of random variables λ and
D:

p(λ|D) =
p(D|λ)p(λ)

p(D)
(1)

Posterior =
Likelihood × Prior

Evidence

If we interpret λ as an unknown parameter and D as ob-
served data, this can be simply paraphrased as “What you
know about a parameter λ after the data D arrive is what
you knew before about λ and what the data D told you” [7].
Hence, the Bayes’ theorem tells how to revise our beliefs in
light of new evidence – this process is known as Bayesian

inference.
In the Bayesian paradigm, multimedia data (music, au-

dio, video, images, text, ...) is viewed as realizations from
highly structured probabilistic models. Here D denotes the
raw data or some features derived from raw data using de-
terministic transformations such as feature extractors. The
variable λ denotes hidden structure or the quantities we
wish to infer. The first component p(D|λ) describes the ob-
servation model, referred in equation (1) as the likelihood.
The second component is the prior p(λ). Once a model is
constructed – that is when p(D|λ) and p(λ) are specified
– several interesting queries about data can be formulated
as Bayesian inference problems. This seemingly rather ab-
stract approach has two potential benefits: first, the model
specification is separated in a clean and transparent man-
ner from computational details. Second, the computational
requirements of various methods can be assessed easily and
various alternative computational methods can be employed
to balance quality/computation time tradeoff.

Constructing useful models and inference algorithms is fa-
cilitated through the use of graphical models [5, 1]. In this
respect, graphical models can be viewed as a formal lan-
guage/notation for specification of probability distributions
and the associated inference algorithms. This powerful lan-
guage provides graph based algorithms for derivations and
computation as well as pedagogical insight and motivation



for model construction. Historically, they were introduced
in probabilistic expert systems [8] as a visual guide for repre-
senting expert knowledge. Today, they are extensively used
as an almost standard tool in machine learning, statistics
and signal processing. Moreover, software tools for auto-
mated code generation start to emerge, making the design -
implement - test cycle for deploying applications shorter.

Often, however, realistic signal models for multimedia sig-
nals form a tough class to solve: the problem size may pose
significant challenges. In particular, these models require
sophisticated Bayesian model uncertainty management (e.g.
to infer dimensionality or hyper-parameters) and high di-
mensional parameter inference, for which there are no known
analytical solutions. Therefore, numerical integration and
optimisation techniques have to be applied and novel meth-
ods need to be developed to improve solution quality and
computational efficiency.
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Figure 1: Graphical model denoting the distribu-
tion p(x1)p(x2|x1)p(x3|x2)p(x4|x3). Top to bottom, a
directed graphical model (Bayesian network), an
undirected model (a Markov Random field) and a
factor graph. Although all these models are equiva-
lent they are complimentary for model construction
and understanding inference algorithms.

The scope of the proposed tutorial is as follows: Using
the graphical model formalism, we will review the funda-
mentals of probabilistic models for music, video and text
processing and introduce popular model structures such as
hidden Markov models, Kalman filters, independent compo-
nent analysis, latent semantic indexing, latent Dirichlet allo-
cation, e.t.c. In the context of individual models, we will also
introduce exact inference and approximate inference meth-
ods. In particular, we will describe sampling based methods
for Bayesian inference, namely Markov Chain Monte Carlo
(MCMC) [4, 6] and Sequential Monte Carlo (particle filters)
[3, 2]. We will also introduce computationally cheaper opti-
misation and approximation methods. In particular, we will
incorporate variational methods, based on tractable analyt-
ical approximations to otherwise intractable posterior dis-
tributions, which recently had good success in the machine
learning community, see [9] for a general review. Our treat-
ment will aim at contrasting Monte Carlo methods with po-
tentially faster variational methods. This will form the basis
for developing hybrid algorithms.

Our treatment will be aimed at an introductory level so no
prior knowledge of advanced statistical concepts is required.
Our ultimate aim is to provide a basic understanding of
probabilistic modeling for multimedia processing, associated
computational techniques and a roadmap such that informa-
tion retrieval researchers new to the Bayesian approach can
orient themselves in the relevant literature and understand
the current state of the art.
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