
Chapter 6

Conclusions and Future Work

In the introduction, I expressed the hope that the work in this thesis could be a ‘first step’

towards a general purpose inference system. In this final chapter, I will conclude by describing

the progress made towards this goal in terms of my development of a variational inference

framework and its application to problems in a range of domains. I will also suggest some

future research directions that could provide the next steps along the path to a practical and

widely applicable inference system.

6.1 Conclusions

The aim of this thesis has been to develop a framework for automatically performing varia-

tional inference. In Chapter 1, I explained that such automatic inference systems will meet

the increasing need for machine-based reasoning in a range of applications. I demonstrated

the importance of modelling uncertainty in such systems and showed how probabilistic models

and Bayesian inference provide both the representation and the method for a powerful ap-

proach to automated learning. Belief propagation, an algorithm for performing exact Bayesian

inference, was used as an example of how message passing in a graph allows the use of general-

purpose inference algorithms. Unfortunately, exact inference is intractable in many models,

leading to the requirement for approximate inference methods. I focussed on one such tech-

nique, variational inference, as a deterministic method which gives an analytic approximation

to the posterior and has been shown to be successful in a wide range of models. In variational

inference, an approximating distribution Q is selected which has a simpler form than the true

posterior P . This variational distribution is then recursively adapted to be as close to the true

posterior as possible, in terms of KL divergence. On convergence, Q provides a functional

approximation to P , whose quality depends on the data set and initialisation.

One problem with variational inference is that implementing it for new models is extremely

time consuming and prone to errors. In Chapter 2, I described a general purpose framework

which can apply variational inference automatically to a large class of probabilistic models and

so avoid these implementation problems. The framework uses message-passing in a graphical

model, leading to the algorithm being called Variational Message Passing (VMP). In VMP,
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the Q distribution is fully-factorised and hence the approximate posterior is separable with

respect to all variables. I showed that the class of models that VMP supports includes all

conjugate-exponential models (discrete, continuous and mixed) and it allows for both mixtures

and deterministic relationships between variables. I also investigated some extensions to VMP

that allow non-conjugate hyper-priors and the option of finding Maximum A Posteriori values

for some variables.

The VMP framework has been implemented in a software package called VIBES (Varia-

tional Inference in BayESian networks). This Java software allows the model to be specified

graphically, by simply drawing the Bayesian network and assigning conditional probabilities

through a graphical user interface. Variational inference can then be applied automatically.

During inference, individual variables can be monitored by a range of methods and the lower

bound on the evidence automatically calculated and displayed. Experience with VIBES has

shown that it dramatically simplifies the construction and testing of new variational models

and readily allows a range of alternative models to be evaluated on a given problem. This

has been illustrated by applying VIBES to problems in the domains of machine vision and of

DNA microarrays.

In Chapter 3, the problem of modelling nonlinear image subspaces was addressed using the

VMP framework and VIBES. A mixture of Bayesian Principal Component Analysis models

was developed and shown to be able to model the nonlinear manifolds of sets of digit and face

images, as well as segments of a natural image. By also implementing variational inference by

hand, the significant time and effort saving of using VIBES was demonstrated. The resultant

system was shown to be able to determine manifold shape and dimensionality automatically

from the data, avoiding the need for cross-validation.

The new technology of DNA microarrays has raised a range of inference problems, two of

which were addressed in Chapter 4. The main problem investigated was that of analysing the

scanned images of DNA microarrays in order to determine the corresponding gene expression

levels. A model of the image process was developed with a latent variable for the intensity

distribution of each spot (corresponding to the expression of a single gene) which, combined

with the spot locations and shapes, led to the observed image. As this model was not

conjugate-exponential, the VMP algorithm was extended to allow importance sampling in

the non-exponential parts of the graph. I showed that this extended algorithm allowed the

model to be used to analyse images successfully. I also introduced models for missing and

obscured spots which allowed these to be identified and handled separately. The second

problem of how to analyse the resultant gene expression data was investigated and VMP

was used to perform independent component analysis on a small gene expression data set.

The aim of this experiment was to motivate the development of complex models for gene

expression data (for example, based on knowledge of the latent biological processes) by using

automatic inference systems, such as VIBES, to construct and evaluate each model.

Finally, in Chapter 5, I investigated the use of Q distributions which are not fully fac-

torised and hence retain some dependencies between variables in the posterior approximation.
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The use of such a structured Q distribution guarantees at least as good an approximation

as a fully factorised distribution and, in general, a better one as it can capture posterior

correlations between variables. The particular form of Q distribution investigated was a junc-

tion tree (or set of trees) because it allows local computation of marginals – essential for the

development of local, message passing algorithms. I demonstrated how inference can be per-

formed efficiently using such variational junction trees by creating an extended form of VMP

called Structured VMP (SVMP). VIBES was extended to include a partial implementation

of SVMP and applied to show the advantages of SVMP over VMP in a small Hidden Markov

Model.

The use of inference frameworks, such as VIBES, separates the design of a probabilistic

model from the process of performing inference within the model. This separation permits

the construction and comparison of domain models to be left to the domain expert without

their needing to understand the learning and inference process in detail. Equally, it lets the

machine learning researcher concentrate on improving inference methods, since the compar-

ative performance of different methods can be readily assessed using not only the same data

set but also the same probabilistic model.

6.2 Suggestions for Future Work

A number of open problems must be solved to allow the development of a truly general purpose

learning and inference system. These problems suggest a variety of research directions that

need to be pursued to make such a system feasible.

One such direction would be to investigate allowing automatic learning of the structure of

the probabilistic model. The current framework requires that the model be specified explicitly.

It would be preferable that an initial model be suggested and the framework allowed to adapt

or extend it so as to best fit the data. Bayesian model selection provides a mechanism for

choosing between models and so learning one for a particular data set or domain.

Another possibility would be to create hybrid sampling/variational inference systems

which would allow models outside the conjugate-exponential family. This idea was touched

upon in Chapter 2 and led to the use of VMP with Importance Sampling in Chapter 4, and

is one that would certainly merit further investigation. It would also be very valuable to per-

form a comparison of sampling methods (such as Markov chain Monte Carlo) and variational

methods (with structured and unstructured variational distributions). The aim would be to

compare speed and accuracy of approximation for identical models on real and toy data sets.

Expectation propagation provides an alternative to variational methods for Bayesian in-

ference. As there are many similarities between the two, it seems likely that VIBES could

be modified to use expectation propagation instead of, or in combination with, VMP. The

resulting framework would allow comparison of the two methods and hence give an under-

standing of the strengths and weaknesses of each. The extended framework would then allow

the appropriate method to be applied automatically to novel models, providing a more general
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purpose inference tool.

Finally, in terms of applications of the variational inference framework, there are a plethora

of possible areas in which it can be applied, from social sciences to cosmology. My particular

interest would be to use the framework to learn more complex models of natural image

formation, as a means of performing the more general image analysis required for machine

vision applications.

6.3 Summary

In summary, I have created a framework which allows variational inference to be performed

automatically in a wide range of probabilistic models. The framework has been used to

solve difficult problems in the real world domains of machine vision and DNA microarray

analysis. I have also demonstrated that inference with structured variational distributions

is both tractable and capable of being performed automatically. The use of such structured

distributions both improves the quality of the approximation and extends the applicability of

the original framework.
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