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Brief Profile
I joined QinetiQ (i.e. its predecessor the Royal Signals and Radar Establishment) as a higher scientific officer in 1982 and began my research into information processing. I was promoted to senior principal scientific officer (individual
merit) in 1991 in recognition of the powerful adaptive processing techniques
that I had developed. Since then I have being leading a long-term research
programme into various aspects of adaptive information processing, focusing
particularly on self-organising networks. I have published about 60 refereed papers (in journals, conferences, books), plus many unpublished technical reports.
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Preamble
By default references are to journal papers, and where there are references to
conference papers, technical reports, or other material this is explicitly indicated.

Publications
1981-1982: PhD
Papers [23, 24, 25] and PhD dissertation [127] apply quantum chromodynamics
to modelling the quark/gluon structure of hadrons seen in deep inelastic scattering experiments. Various higher order effects that modify naïve perturbative
results are studied both phenomenologically and theoretically. The operator
algebra techniques used in this PhD research turn out to be very useful for the
description of Markov chain Monte Carlo methods, as described in my publications from 2005 onwards.

1984-1989: Bayesian Super-Resolution and Mutual Information (scattered field)
Report [102] describes how linear least squares error reconstruction using an appropriately weighted reconstruction space can be used to introduce prior knowledge to enhance the resolution of coherent images. The material in this report
was not published because it was quickly overtaken by the full Bayesian treatment described below.
Paper [22] describes how Bayes’ theorem may be used to derive the solution to
linear inverse problems under the assumption of Gaussian probability density
functions (PDF). For suitable Bayesian priors this leads to super-resolution
where details on a scale shorter than the Rayleigh resolution length become
visible.
Conference papers [46, 50] describe how a parallel implementation of this superresolution algorithm can be implemented for analysing synthetic aperture radar
(SAR) images. Book chapter [61] and report [101] present an introduction to
the use of prior knowledge in the analysis of SAR images.
Papers [20, 21] introduce the principle of mutual information maximisation as
a way of optimising the extraction of information from data.
Paper [19] is on clutter and targets in SAR images. My contribution showed how
to use a generalisation of the super-resolution techniques originally developed
in [22] to analyse images of targets, and showed how to use mutual information
(as in [20, 21]) to interpret the information processing in terms of information
channels. A brief description of this work is in [15]. A practical implementation
of this work is described in [16]. This was patented in [126].
Report [98] describes an analysis of images of point targets in images produced
by the Royal Signals and Radar Establishment (RSRE) SAR. The purpose of
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this was to accurately calibrate the point spread function (PSF) of the RSRE
SAR so that its images could be robustly super-resolved. However, this analysis
led me to the conclusion that for the RSRE SAR the PSF was itself a function
of the data; in other words the system response was non-linear. This totally
invalidated the super-resolution theory developed thus far, which assumed that
the system response was linear, which then triggered a shift of my research
away from super-resolution. A side effect of this non-linearity was that the
higher moments of the image data were biased away from their naïve values,
and thus should not have been used in their uncorrected form to deduce the
statistics of the underlying clutter model.
Book chapter [60] (delayed for several years in publication) reviews the ideas
behind the use of information channels, drawing together ideas from mutual
information, super-resolution, and Bayesian inference.

1985-1988: Markov Random Fields for Clutter and Texture
Modelling
Paper [18] is the first in a long series on Markov random fields (MRF). It describes how to do Monte Carlo sampling of arbitrarily complicated MRFs by
bit-flipping operations that could be easily implemented in hardware.
Report [100] is the first description of how to train MRF models using a generalisation of the Boltzmann machine learning algorithm that I called the Gibbs
machine. Various generalisations were discussed such as the idea of enhancing
an MRF model by using these learning techniques to attach a “brain graft” to
the MRF model to patch it up wherever it did not give a good enough approximation to the data.
Paper [17] presents a careful analysis of the use of MRF models for texture
modelling, using arguments based on sufficient statistics to understand how
the texture information is spread out amongst the various measured statistics.
This is conceptually similar to the use of information channels discussed in
[19]. Contact with image processing techniques is made via the grey level cooccurrence matrix method and the WISARD n-tuple processing network, both
of which are special cases of this MRF analysis.
Paper [14] shows how the maximum entropy method can be used to pick good
statistics to measure in textured images (as introduced in [17]), so that an
efficient MRF texture model can be built. An efficient algorithm (which does not
require the fixing of Lagrange multipliers, unlike other approaches) is given for
deciding what new statistics to add to the MRF model by comparing synthetic
textures generated using the current MRF model with the real texture to be
modelled. As a corollary, a generalisation of the original Boltzmann machine
learning algorithm is given for arbitrary MRFs.
Conference papers [51, 54] develop various aspects of the use of MRFs for texture
and clutter modelling.
Conference paper [47] compares and contrasts the MRF approach (as in [14]) and
a proposed hierarchical “cluster-decomposition” approach to modelling PDFs.
The generalised form of the Boltzmann machine learning algorithm is presented
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in detail. The advantages of the cluster decomposition approach (particularly
that it does not use Monte Carlo simulations) are explained.

1989-1991: Bayesian Super-Resolution (scatterers themselves)
Paper [13] extends the earlier Bayesian super-resolution method (see [22]) by
pointing out the fact that the inverse problem to solve should be the reconstruction of the object scatterers that produce the object field, and not the
reconstruction of the object field itself. In paper [8] and report [97] this work
is greatly extended by using the expectation-maximisation (EM) method to
derive an iterative object reconstruction algorithm from first principles. This
allows both super-resolution and auto-focusing to be handled within the same
framework. This work was reviewed in [7].

1988-1989: Hierarchical Self-Organising Maps
Paper [12] describes a hierarchical generalisation of the standard Kohonen selforganising map (SOM) network (also reported in conference paper[48]), in which
a tree of linked SOMs is trained to encode SAR images (also reported in conference paper [49]). This paper also introduces the idea of the “growing grid”
method of training SOMs. In [11] this approach is described in more detail.

1986-1990: Digital Receiver
Paper [10] and report [99] describe the analysis, design and testing of a finite
state machine for demodulating signals. My contribution was the analysis. This
is essentially an early type of software radio receiver. This was patented in [125].

1989-1992: Distortion Minimising Encoders (single SOM)
Paper [9] presents a novel derivation of SOM networks (also reported in conference papers [44, 45]), based on a generalisation of the standard Linde-Buzo-Gray
(LBG) vector quantisation algorithm to account for distortion on the communication channel, which approximates the standard Kohonen SOM algorithm
as a special case (the distribution of distortions corresponds to the topographic
neighbourhood function). The biggest advantage of the approach used is that
it is based on minimisation of an objective function (unlike Kohonen’s SOM),
which thus allows many properties to be theoretically derived. For example,
the density of code vectors in this type of SOM (for 1-dimensional data) is derived in paper [6] and report [96], where it is shown to be the same as in a
standard vector quantiser (unlike the standard Kohonen SOM which leads to
a different density which inconveniently depends on the choice of topographic
neighbourhood function). A generalisation of this result to data of arbitrary
dimensionality was given in report [93].
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1988-1994: Lateral Mutual Information Maximising Hierarchical Encoders
Conference paper [43] presents a detailed analysis of the optimisation of the
hierarchical “cluster decomposition” introduced in conference paper [47]. The
objective function used is the relative entropy between the model PDF and the
true PDF, which is equivalent to the sum of the (lateral) mutual informations
between various nodes in each layer of the network. This is successfully applied
to the detection of anomalies in textures images as described in report [95] and
in the unpublished arXiv papers [122, 123], and has been patented [124].

1990-1992: Distortion Minimising Encoders (coarse-grain
parallel SOMs)
Paper [5] uses the communication channel model of SOMs (see [9]) to analyse
networks of connected SOMs (this was also described in conference paper [42]
and report [94]). The model used is one in which two communication channels mutually interfere thus causing distortion that is correlated between the
channels. This distortion defines the topographic neighbourhood functions that
are used in the SOMs (that are the channel encoders) in the first place. The
optimisation of the SOMs is influenced by mutual interactions between their
outputs, hence the description of this type of training as “self-supervised”.

1988-1994: Some Consolidation
Conference paper [41] analyses adaptive n-tuple networks (e.g. WISARD) by
using a relative entropy objective function to optimise a PDF model. Both supervised and unsupervised methods of training such networks emerge naturally
from this analysis.
Conference paper [40] reviews the Bayesian approach to training and using neural networks. Various models are discussed including the “adaptive cluster expansion” model originally introduced in conference paper [47].
Conference paper [36] presents a rigorous Bayesian analysis of the “adaptive
cluster expansion” model.

1992-1994: Partitioned Mixture Distributions
Paper [4] describes a generalisation (the partitioned mixture distribution, or
PMD) of the standard mixture distribution used to model PDFs (this was also
described in conference papers [37, 39] and report [92]). In image processing
(the statistical properties of) each correlation area of an image can be modelled
with a mixture distribution, and it would be convenient if all of these models
could be collected together in a single translation invariant architecture. A nice
solution to this problem is to build each mixture distribution using components
selected from a common pool of mixture components, where each correlation
area has a complete repertoire of components needed for its analysis. Mixture
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distributions that see overlapping areas of image have a lot of overlap in the
components they use. A PMD can be trained using a generalisation of the
EM method for training standard mixture distributions. Trained PMDs have
many of the properties that are observed in the low-level visual cortex, such as
a complete repertoire of processing machinery for each local patch of image.

1990-1994: Folded Markov Chains
Paper [3] gives a Bayesian analysis of the SOM model originally described in [9].
The key to the analysis is the folded Markov chain (FMC) that was described in
report [91], in which information is passed along a Markov chain, and then Bayes’
theorem is used to pass (virtually) the information back along the chain in the
opposite direction until it reaches the start again. This final reconstruction of the
input to the chain is compared with the original input, and the transitions in the
Markov chain are adjusted to minimise the Euclidean reconstruction distortion
(on average). The tight constraints that Bayes’ theorem imposes on the various
probabilities make it possible to derive a training algorithm that reduces to the
algorithm in [9] when the encoder is deterministic. This FMC analysis unifies
all my earlier work on networks of SOMs, and by allowing probabilistic encoders
to be handled in the same framework, it sets the scene for future work.

1993-1995: Some Consolidation
Reports [89, 90] describe various ways in which mixture distributions can be
used in the analysis of images.
Conference paper [35] and report [87] shows the application of SOM techniques
to the analysis of data (e.g. range profiles of radar returns from ships) that
lies on a manifold with a circular topology. Prior knowledge of the topology
is used to define an appropriate topographic neighbourhood function for use in
the SOM.

1994-1997: Unification of PMD and FMC
Book chapter [56] (delayed by several years in publication), reports [83, 86, 88]
and unpublished arXiv paper [120] combine the FMC approach (introduced in
[3]) with the PMD approach (introduced in [4]) to create an encoder structure
that is appropriate for the analysis of images, where the form of the PMD
posterior probability allows the encoder to break into local pieces that each
encode a local patch of the image. This is then applied to the analysis of images
derived from multiple sources. In the case of pairs of images the network learns
a structure that closely resembles the dominance stripes and orientation maps
observed in the visual cortex. The important point is that you can obtain these
“biological” results as a consequence of the general properties of encoders – to
emphasise this the ancronym VICON (VIsual COrtex Network) was coined in
[83, 120].
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Conference papers [33, 34] present a detailed analysis of some of the properties
of PMDs (introduced in [4]). A first order perturbation analysis reveals the loworder properties of PMDs and allows their behaviour to be related to various
neural networks. A dynamical PMD (which has the same relationship to a static
PMD that a hidden Markov model has to a mixture distribution) is analysed in
detail (this was also presented in report [85]), and is successfully applied to the
problem of tracking a weak target in clutter. Some of the results to be presented
in [2] below are quoted without proof.
Conference paper [32], report [84] and the unpublished arXiv paper [121] apply
the FMC approach (introduced in [3]) to optimising encoders that output several
statistically independent (given the input) codes. Various analytic optimum
solutions are obtained. However, these solutions are less useful than those that
are obtained if the optimisation is constrained in various ways, which is the
focus of all subsequent papers in this area.

1997: “State of the Nation”
Report [82] summarises all publications produced during the 1994-1997.

1997: Isaac Newton Neural Networks Programme
Report [81] and unpublished arXiv paper [119] describes the work I did at the
Neural Networks research programme at the Isaac Newton Institute. I analysed
the optimisation an objective function depending on the joint PDF of the state
of a multi-layer network, and showed that this unified all of my work on the
optimisation of hierachical encoders.

1994-1997: Distortion Minimising Encoders (fine-grain parallel)
Paper [2] gives the generalisation of the FMC approach in [3] to the case where
multiple codes are output by a probabilistic encoder for each of its input vectors.
This was also presented earlier in book chapters [58, 59]. Up to this point in
my work the encoders have each output a single code, and thus each acts as a
winner-take-all network. The advantage of allowing the possibility of multiple
codes is that the encoded information can be split across more than one channel.
This is conceptually similar to the use of information channels discussed in
[19]. Further, if these codes are chosen stochastically, then by optimising the
FMC (minimum Euclidean distortion) the network can decide for itself how
many information channels it needs to use. This freedom allows the network
to optimise its own architecture. In [2] a simple application of these ideas is
analysed in detail, where various (supposedly) optimal choices of information
channel are compared with each other, and the conditions under which each
type of solution is optimal are established. An important cross-disciplinary
result is that the above extension to multiple codes allows contact to be made
with neural network models based on discrete firing events, where the recent
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history of which neurons have fired corresponds to the set of codes that are
currently active.
Paper [1] applies the multiple sampling ideas in [2] to the hierarchical vector
quantisation network [11]. Although the hierarchical network of [11] has its
structure manually defined, rather than learnt via optimisation (as could be
done using [2]), the earlier ideas in [11] automatically fit into the framework of
the later theory in [2].

Change in Publication Style
From here on there are currently no further journal papers. However, the research continues to be published in conference papers and technical reports.

1997: Some Consolidation
Report [80] describes various ways of training self-organising encoder networks
by modelling their output as the posterior probability over samples (or “firing
events”) drawn from a stochastic code book. The different training schemes
correspond to different conditions under which the samples are drawn.

1998-1999: Distortion Minimising Encoders (analytic optimisation)
Conference paper [31] shows how analytic optimisation of a stochastic encoder
(an FMC with multiple output codes) leads to optimal encoders being described
by piecewise linear posterior probabilities. This emerges because the reconstruction is a linear superposition of contributions, and the objective function is a
Euclidean distortion. This piecewise property also holds in networks of linked
stochastic encoders. This piecewise linearity will prove to be very useful for
deriving analytic solutions to various problems.
Book chapter [57], report [79], and the unpublished arXiv paper [118] use the
piecewise linear property of optimal stochastic encoders (see [31]) to derive optimal encoding schemes for circular and toroidal manifolds. The results derived
in this paper were obtained analytically by using Mathematica to manipulate
the various cumbersome piecewise linear expressions leading to compact results.
The circle and the torus are simple curved manifolds that serve as models for the
more complicated curved manifolds that arise in signal and image processing.
For the toroidal manifold two types of optimal encoder emerge depending on
the size of the encoder and the number of stochastic codes that it is allowed to
output. On the one hand a joint encoder is optimal if there are more than a certain minimum number of codes to choose from; this corresponds to an encoder
that has so many resources that it can simply partition the torus into localised
code cells. On the other hand a factorial encoder emerges if the number of
codes to choose from is severely reduced and the number of codes it is allowed
to output is sufficiently large; this corresponds to an encoder that is starved
of resources but which is allowed to have several trials at outputting a code,
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and which therefore chooses to use anisotropic code cells to slice the torus into
localised code cells defined by the regions of intersection of pairs of anisotropic
code cells. The automatic emergence of factorial coding is a crucial property
in a network that aims to discover for itself what information channels to use
when processing data.

1999: Some Consolidation
Report [78] is a user’s guide to stochastic encoders, and contains many simple
examples of their use. Unpublished arXiv paper [117] is a comprehensive summary of the theory and many numerical simulations of stochastic encoders, and
unpublished arXiv paper [116] contains a small subset of these results.

2000-2003: Distortion Minimising Encoders (jammer suppression)
Conference paper [30] applies a stochastic encoder to the problem of separating
a signal from a jammer. Because the jammer is much stronger than the signal
the optimisation concentrates on encoding the jammer alone. This allows the
trained encoder to separate the jammer and signal subspaces (in this case these
are curved subspaces), which allows the signal to be cleanly detected. This
material is also covered in conference papers [28, 29], book chapter [55], report
[77], and the unpublished arXiv papers [114, 115].

2001: Distortion Minimising Encoders (classifier fusion)
Conference paper [27] demonstrates some of the key properties of stochastic
encoders. One of these is their ability to learn factorial codes in which a code
book breaks into separate smaller code books, each of which encodes only one
part of the input. Another is the natural way in which supervision can be
introduced to steer the code books towards coding their inputs in particular
ways. This is all presented in the context of multiple classifier fusion, where the
processing is split across multiple information channels and then fused together
again at the end.

2001-2004: Internal Reports (part 1)
Report [76] describes how to use a stochastic encoder to suppress sea clutter
in coherent images, which allows targets that are masked by the clutter to be
revealed. The approach used is essentially the same as for separating a signal
from a jammer (as in conference paper [30]).
Report [75] compares and contrasts the use of encoders and the use of PDFs for
modelling (and suppressing) sea clutter in images.
Report [68, 74] summarises all of my research results on self-organising networks.
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Report [69, 70, 73] describes how to apply self-organising networks to the problem of combining the outputs of multiple classifiers.
Reports [71, 72] describe various interesting and useful properties of the selforganising network known as ACEnet® (Adaptive Cluster Expansion network).

2003: Isaac Newton Neural Networks Programme (published, at last!)
Conference paper [26] introduces a new way of understanding networks of linked
stochastic encoders. These ideas were originally described in report [81]. Rather
than modelling each encoder as an FMC (see [3] and its generalisation to multiple codes in [2]) and building up the overall network objective function as a
sum of local contributions, the whole network of linked encoders is deemed to
have a single objective function which compares the joint PDF of the whole
network under two different modelling assumptions. For a chain-like network
the two PDF models are built from conditional probabilities acting in opposite
directions along the chain, and it is similar to Dayan and Hinton’s Helmholtz
machine except that the aim here is to optimise the joint network probability
rather than only the marginal input probability. This approach is then shown
to reduce to the FMC approach wherever that had been used earlier. An application of these ideas to training a network on hierarchically correlated data is
presented, and the encoders (the bottom-up PDF models) automatically split
into smaller encoders in precisely the way that is expected (i.e. process the most
uncorrelated pieces separately, then progressively fuse the results until only the
most correlated piece is left). This approach is thus capable of making structural
changes to the network as it is trained, where it creates information channels
for doing the lower-level processing, and then progressively fuses these channels
to do the higher-level processing.

2003-2004: Distortion Minimising Encoders (multiple correlation scales)
Unpublished arXiv paper [113] describes the use of self-organising stochastic
encoders for learning the structure of data manifolds. The main aim of this
paper was to demonstrate the automatic separation of correlated components
in the data, and their subsequent fusion whilst preserving only their dominant
degree(s) of freedom, as was described in [26]. This is a key paper that opens
up a very fruitful area of research.

2005-2007: Internal Reports (part 2)
Report [67] comprehensively reviews MRFs and SONs from the perspective of
adaptive filters and recurrent networks, and introduces an operator algebra to
describe the associated Markov chain Monte Carlo (MCMC) algorithms.
Reports [65, 66] apply the operator algebra methods of [67] to recurrent networks, dealing with both the small-occupancy (i.e. dominated by quantisation
effects) and large-occupancy (i.e. quantisation effects negligible) cases.
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Report [64] describes a proposed application of recurrent SONs to the problem
of language identification.
Report [63] introduces symbolic algebra techniques for manipulating the operator algebra of MCMC algorithms.
Report [62] presents a Mathematica implementation of recurrent SONs.

2006: Discrete Network Dynamics
Unpublished arXiv paper [112] describes the use of operator algebra techniques
to reformulate MCMC algorithms, so that the algorithms can be manipulated by
purely algebraic methods, which would have applications in adaptive networks.
This is a key paper that opens up a very fruitful area of research.

Online Publications
An on-line archive of some of my publications (the Crown Copyright ones) can
be found at www.stephenluttrell.com/papers.
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