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Introduction

Computational auditory scene analysis (CASA) focuses on the problem of building
machines able to understand and interpret complex acoustic scenarios and react, after
a brief period, in an opportune way. A complex acoustic scenario can be character-
ized by several sounds of various origin and nature, coming from different sources.
One of the main challenges is the contemporaneous elaboration of all this information
with limited computational resources. Consequently, a preliminary selection between
all the various signals, able to reduce the amount of data to manage simultaneously,
is crucial.
Colin Cherry (1953) investigated human behaviour in the same circumstances, which
he called “cocktail party problem”, drawing inspiration from the human ability to pay
attention, at a cocktail party, where there are various voices and noises, to the speech
of the neighbour, ignoring the rest. He performed several experiments proving that
this human ability is due to the use of attentive mechanisms. Attentive mechanisms,
in fact, operating as a filter between all the incoming stimuli, allow the brain to focus
on signals that are necessary to follow and ignore others that can be discarded (selec-
tive attention).
Therefore, the implementation of a computational model, that is able to mimic hu-
man attentive processes operating in these situations, represents an interesting and
innovative approach to the analysis of different and variegated acoustic scenes and,
specifically, to finding a solution to the so called “cocktail party problem”.

Many applications could benefit from the use of such a model. Surveillance systems
could select the interesting stimuli according to the perception of potential dangers
associated with sounds in the scene and, thus, could address microphones and cam-
eras in the direction of these stimuli, focussing more on these (see, e.g. López et al.
(2006)). In this way, it could be possible to have more details and more knowledge
about salient parts of the scene, instead of wasting resources paying attention to the
useless signals. In the tracking and transcription of multi-speaker conferences, meet-
ings, seminars, being able to recognize the speaker and identify only what he/she is
saying, ignoring other sounds or other voices around is a fundamental condition for
allowing a speech recognition procedure to work correctly. In Cognitive Robotics,
modelling human attention can drive the development of spoken dialogue systems
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and help in approaching human-robot interaction issues (see, e.g. Lang et al. (2003)
and Marchegiani et al. (2009a)).

State of the Art

According to human attention studies, the identification of “interesting” sounds can
be driven by many factors; depending on the nature of these factors, it is possible to
distinguish between a bottom-up and top-down perspective. In the first case, sounds
of interest are those which stand out from the scene, without involving a real attentive
processing, but only a pre-attentive one. In the second case, the goal, a task, previous
knowledge, acquired predispositions, emotions and motivations guide the subjects’
attention. The combination of these two approaches indicates to the brain what is
salient and what can be ignored.
Different models have been proposed in literature to analyse both these perspectives
(see, e.g. Frintrop et al. (2010) and Itti and Koch (2001) for a review about visual
attention). While visual attention has been deeply investigated as bottom-up and top-
down, very few works have been carried out so far to implement top-down auditory
attention (see, e.g. Kalinli and Narayanan (2008)). However, these works are largely
domain and representation dependent and they do not provide a general model which
could be valid and applicable in several circumstances.

Moreover, an analysis of the influence of top-down cues on human auditory per-
ception is still missing. Aspects like the presence of a task, previous knowledge,
emotional states or acquired predispositions have been not widely investigated yet.
Nevertheless, those represent important components in the development of any atten-
tive model which aims at extensively imitating human behaviour to perform various
tasks in an efficient and effective way.

Aim and Contributions

The main goal of this work is to model human auditory top-down attention in a cock-
tail party scenario and investigate the role of some of the cues involved in the attentive
selection procedure.

We proposed a generative model, representing top-down attention as a sequential
decision making process, driven by a task. In particular, the decision process is im-
plemented in a Gaussian mixture model and tested in a classification problem with
missing information. The model has access just to a random subset of features (the
so called gist of the scene), but there is the possibility to gather additional features
among the ones that are not available.
The saliency of the missing features is given as the estimated difference in classi-
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fication confusion (entropy) with and without the given feature. The difference in
confusion is computed conditioned on the available set of features.
Thus, the top-down attentive procedure is reduced to find the answer to the question:
what to measure next to improve the decision process?

We make our attention model able to operate in more realistic and complex scenarios
by also allowing the initial training phase to take place with incomplete data. The
missing data problem, in fact, is a really common issue in many applications. We
investigate the behaviour of some missing data techniques, giving a new definition of
efficiency and comparing the methods accordingly. Then, the algorithm which shows
to be the most efficient is used for the training of our attention model.

Moreover, we test the attentive system proposed in a cocktail party simulation. We
analyse its performance, mimicking the action of different levels of attention, in a
classification problem in which the training phase is characterized by the presence of
counfounders.
We confirm the results obtained thanks to this simulation, carrying out behavioural
experiments, inspired by the ones of Cherry (1953). The aim is to investigate the role
of a task in the distribution of attention in the cocktail party. To do so, we examine
the effect of temporal and spectral overlaps for human speech intelligibility, and how
it is influenced by the presence of the task.
We make subjects listen to a monaural mixture of two different narratives uttered by
a speech synthesizer using the same virtual speaker, so that cues related to the voices
or to the spatial position of the sound sources could be reduced, as also suggested
by Cherry. Our intent is to check the ability of the subjects to hear the narratives, in
spite of the overlaps. In order to do so, we present them a list of words and ask for
selecting the ones they heard (some of the words in the list are really present in the
narratives, others are not, but they are related to the content).

We also carry out initial studies about the role of priming in a cocktail party problem.
We check if having some information about the content of what people are hearing
could improve the segregation procedure between all the signals and attention could
be more attracted by the speech containing a particular known topic (pre-defined or
not), rather than another.
We perform some preliminary experiments to examine, then, the influence of prim-
ing on attention. The design of the experiments is close to the one of the experiments
about the effect of a task on human speech intelligibility we have just described. But,
in this case, before making the subjects listen to the narratives combination, we give
them some indications about the content of one of the stories. The initial results we
got seem to confirm that a known topic grabs human attention more.

With the aim of generating biologically plausible perception models, we also in-
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vestigate the multimodal combination of stimuli of a different nature. We implement
a multimodal speaker recognition procedure in a conversation scenario. A robot ac-
tively follows the conversation, localizing its current interlocutor, turning towards
him/her and estimating his/her identity thanks to a semi parametric model, which
combines visual and auditory features of the speakers.

Summary

This work is organized in four parts.

Part I : A general introduction about attentive mechanisms is given and compu-
tational approaches proposed over the years to model these mechanisms are
discussed;

Part II : A different approach to top-down attention model as an active decision
process is proposed and its performance is evaluated. An analysis of the ef-
ficiency of missing data techniques is carried out and the method providing
the highest efficiency is used to test the top-down attention model in case of
incompleteness in the data exploited to train the model itself;

Part III : A remake of the experiments performed by Cherry almost sixty years
ago is described and the relative results are discussed. The effect of top-down
cues like the presence of a task or priming on speech intelligibility is anal-
ysed. Moreover, we compare human conduct with the behaviour shown by the
top-down attention model (introduced in the previous Part) in a cocktail party
simulation, in the case of a present task;

Part IV : A human-robot interaction scenario is described in which the machine is
able to follow a conversation involving different speakers and in which the cur-
rent robot’s interlocutor is recognized combining visual and auditory features.
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Chapter 1

Human attentive mechanisms

In this Chapter, we mention some of the definitions of attention proposed over time
and analyse the various aspects involved in human attentive mechanisms, citing and
illustrating experiments and studies performed in different fields over years.

1.1 The cognitive process called attention

What does attention mean? The term “attention” was introduced in Roman times and
several different interpretations have been proposed in the last centuries to explain
the characteristics of this cognitive process. Malebranche (1764) provided the first
thorough work, believing that “attention is necessary for conserving evidence in our
knowledge” and suggesting methods to develop it, like the study of geometry. Locke
(1689) described attention as the processing of ideas that are already in the mem-
ory:”when the ideas that offer themselves (for, as I have observed in another place,
whilst we are awake, there will always be a train of ideas succeeding one another in
our minds) are taken notice of, and, as it were, registered in the memory, it is atten-
tion”. Wolff (1732), some years later, was the first one to dedicate an entire chapter
of his textbook to attention. In this way, finally, attention started to be considered a
new phenomenon needing its independent theory. Consequently, various hypothesis
about its nature and the processes involved began to be studied and proposed.
James (1890) gave a definition of attention, close to its everyday meaning:“Everyone
knows what attention is. It is the taking possession by the mind, in clear and vivid
form, of one out of what seem several simultaneously possible objects or trains of
thought”. Since that time, the concept of attention has been investigated in many
fields, using different instruments and many interpretative models have been pre-
sented. However, a definition on which everyone agrees and a synthesis able to eluci-
date all the mechanisms involved and their relations is still missing, as Pashler (1999)
noticed more than one century after James:”no one knows what attention is, and that
there may even not be an “it” there to be known about (although of course there might

7
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be)”. For a more complete review about history of attention, see Itti et al. (2005).

1.2 Attention as a selection process

“To behave adaptively in a complex world, an animal must select, from the wealth
of information available to it, the information that is most relevant at any point in
time. This information is then evaluated in working memory, where it can be ana-
lyzed in detail, decisions about that information can be made, and plans for action
can be elaborated. The mechanisms of attention are responsible for selecting the
information that gains access to working memory.” (Knudsen (2007)). Attention
theories often disagree about the nature of this selection. The most part of them af-
firms that this selection takes place because of the limited capacity of the brain and
its consequent inability to analyse multiple complex perceptions. Others claim that
the selection is necessary to handle several simultaneous thoughts.

Some of the earliest experiments about the selective mechanisms acting during an
attentive process were performed by Cherry (1953). He studied the so-called Cock-
tail Party Effect: the human ability to pay attention, in a cocktail party, where there
are various voices and noises, to the speech of the neighbour, ignoring the other
sounds around. In particular, he performed two different kinds of tests. In the first set
of experiments, subjects were made to listen to a monaural mixture of two different
narratives uttered by the same speaker and asked to repeat what they were hearing
(shadowing), to verify if they were able to separate the two streams. In the second
set, instead, two distinct messages were played to different ears of the subjects (di-
chotic listening). The subjects selected one ear, keeping in mind and understanding
completely the relative message, while the second one was neglected: the only in-
formation that the subject noted was relative to some physical characteristics like the
gender of the voice, high or low tones, speech or noise; they did not comprehend the
meaning and they were not able to notice if the speaker had changed the language.
Broadbent (1958) explained the results obtained by Cherry claiming that humans
can not elaborate more than one stimulus at the same time. Consequently, he hy-
pothesized the existence of a premature filter, operating before any kind of semantic
interpretation takes place. The simultaneous signals are put in a sensorial buffer be-
fore being analysed and they overcome the filter one by one to avoid overloading in
the analysis. The order in the buffer is established on the basis of the physical charac-
teristics of the signals, like tone of voice, pitch, spatial location. However, the signal
hanging on, stays in the buffer just for a short time and, because of the structural
limitations of the system beyond the filter (the so called short-term memory), it will
be analysed only in a superficial way. The short-term memory, in fact, is a memory
able to register just a small amount of information and just for a really short time.
This theory is somehow consistent with what Panum (1858) claimed a long time
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Left Ear Right Ear

mice 3
5 eat

cheese 4

Left Ear Right Ear

2 who
goes 3

9 there

Table 1.1: Two different examples of the experiments performed by Gray and Wed-
derburn (1960). The words in the same row are played at the same time. The general
temporal order respects the order of the rows.

before. He was one of the first researchers to investigate the idea of attention as a se-
lector within different signals in competition. He believed that if one of these signals
takes enough consideration, then the others could not. So, if we are concentrated on
a weak signal and a stronger one comes, it is hard to still be focussed on the first one.
Hamilton (1859) criticized this view excluding that just one signal could grab all the
attention; he rather proposed to examine how many stimuli can be processed at the
same time as the key issue.
Following tests supported this theory. It was possible to demonstrate, in fact, that
subjects could catch some words from the other stimulus: for example, they over-
heard their name, as Moray (1959) proved. Moreover, the more they were trained
on shadowing, the better they could perform a good elaboration of the content of the
other channel as well. This shows that a sort of semantic analysis is executed even be-
fore the filter, suggested by Broadbent, could operate. Gray and Wedderburn (1960)
and MacKay (1973) carried out experiments to investigate this phenomenon, finding
that some words apparently neglected could influence the interpretation of ambigu-
ous messages. Gray and Wedderburn made people listen to a stereo signal, putting in
both channels a mixture of digits and words. The words, if joined altogether, could
give a meaningful sentence (see Table 1.1 for some examples). One group of people
knew only that they were going to hear a list of digits and words; the other one was
aware there could be sentences in the audio. In both cases, they prefered grouping
the signals by meaning than by ear (the second group gave the best performance in
this sense). Also MacKay made subjects listen to a stereo signal, but, for each trial,
he put in one channel an ambiguous sentence and in the other one a particular word.
The subjects assumed they had not heard those particular words; instead, it seems
they were using them to interpret the sentence they were listening to in the other ear.
For example, one of the sentences was “They threw stones at the bank”, in which
“bank” could mean the credit institution or the shore of a lake or so. The word in the
other channel, instead, could be “’river’ or “money”. Accordingly to which one of
them they heard, they gave a different meaning to “bank” and, consequently, to the
entire sentence.
Treisman (1960) tried to justify the same phenomenon, keeping the idea of an early
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selection of the stimuli and hypothesizing the existence of a delayed attenuate filter
which does not eliminate the information of the ignored message, but solely atten-
uates and delays it. The filter performs a hierarchical process: from the analysis of
the physical features of the signal perceived to the elaboration of its grammatical
structure and of the meaning of its content. Also in this case, not necessarily all the
stimuli are totally examined. The most part of the resources are given to one channel,
but a smaller part of them is still dedicated to the other one. This is why, Treisman
believed, the signal in the supposed neglected ear could be, in some occasions, per-
ceived.
In complete opposition to Broadbent, Deutsch and Deutsch (1963) asserted that all
the stimuli were analysed at a high level and semantically: a sort of response limi-
tations, instead of the percpetual limitations, suggested by early selection theories.
Norman (1969, 1976), recovered the results of MacKay, Gray and Wedderburn, sug-
gesting that all the acquired stimuli are analysed on the base of their relevance and
pertinence. Thus, there is a deep semantic elaboration in any case and the selection
take places just afterwards (late selection).
The interpretation of Johnston and Heinz (1978, 1979) and Johnston and Wilson
(1980) can be considered a sort of compromise between the idea of a premature at-
tentive filter and a delayed one. They proposed the flexible filter theory which admits
the possibility that the selection among various stimuli could happen through differ-
ent elaboration steps, on the basis of the circumstances and the specific tasks. In this
way the congestions are not managed by a unique filter and a signal can be processed
at a lower level or at a higher one according to the situation. Of course, a premature
analysis and selection is less complicated and wasteful than a delayed one, which has
to deal with semantic elaborations: thus, the filter tries to operate as early as possible,
in order to optimize the computation time and the resources to use. Before elabo-
rating this theory, Johnston and Wilson (1980) performed experiments similar to the
ones MacKay did, making subjects listen to a series of word pairs, asking them to
detect the words that could be considered instances of a particular category. These
words were called Homonymic Target, the others are called Nontarget words. The
nontarget ones could be somehow related to the category, neutral or even misleading
respect to the meaning of the category (some examples of the words used by John-
ston and Wilson for the category “animals” is shown in Table 1.2). They proved that
the Nontarget words influence the ability to detect the target words and this influence
changes according to the type of Nontarget: appropriate, neutral or inappropriate.
This suggetsts that there is a semantic processing of the supposed ignored stimili (as
Mackay showed as well), and the amount of this processing is not fixed, but changes
according to the circumstances (different types of Nontarget).
Neuroimaging methodologies studies seem to support the flexible filter theory, as
Luck and Hillyard (1999) explained. There is not, then, a unique bottleneck operating
as a filter for all the incoming stimuli, but various filters working at different levels on
the base of the situations and the task. In particular, they demonstrated that the sup-
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Target Category Homonymic Target
Type of Nontarget

Appropriate Neutral Inappropriate

Animals duck quacking movie dodge
ant crawling straw uncle

swallow nesting spoon drink
turkey gobble ash india

fly buzz wax pilot
badger caged violin harass

bear hibernate luck naked
steer roundup jam guide
deer antler amber sweetheart

Table 1.2: Some examples of the word pairs used in the experiments of Johnston and
Wilson (1980).

posed non attended information is not thrown out of the system, but just elaborated
in different regions of the brain. Ruz et al. (2005) carried out an fMRI experiment
to investigate brain activations in two different attentional conditions. Overlapping
drawings and sequences of letters were shown to the subjects: some of these strings
were real words, some did not have any meaning. The subjects were asked to direct
their attention to either the drawings or the letters. The results suggested the use of
different pathways relative to word processing, depending on the focus of attention,
and that these different pathways actually generated different behavioural and neural
responses.
These new ways of exploring selective attentive mechanisms and the findings they
had provided changed completely the approach to this kind of issue, closing the dis-
pute between the early and late selection theories.

Visual selective attentive theories followed an analogue evolution. Norman (1968)
introduced the metaphor of visual attention as a spotlight in a dark environment,
which illuminates the intended stimulus, leaving the rest in some kind of dimness.
James (1890) provided a view of visual attention as a mechanism characterized by
a focus, a margin and a fringe (see Figure 1.1). Resources are mainly concentrated
on the focus and this concentration (and, consequently, the clearness with which it
is possible to see) gets lower in a inverse proportion to the distance from the focus.
Posner et al. (1980), thanks to their experiments, demonstrated that actually attention
seems to have a central focus and the dimension of it depends on the task and the
particular situation. Attention is generally correlated to eye movement (overt atten-
tion), but this is not necessarily true. They also proved, in fact, that it is possible to
attend to something of interest without any eye movement (covert attention), which
is much slower than a change in the focus. LaBerge (1983) confirmed these results
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and he also showed that there is, in any case, a processing of stimuli out of the focus,
even if minimal. But, unlike what seems to happen in the auditory processing, in
this case, there is not a semantic analysis of the neglected signals. Johnston and Dark
(1986) performed some experiments making subjects identify words on a screen. The
words were blurred in the beginning and became clearer in the end. They put sim-
ilar words or words with a close meaning to the ones to identify in other parts of
the screen, (which were supposed to be unattended) and they noticed that these ones
did not influence at all the identification of the test ones. Johnston and Dark (1986)
proposed, then, the zoom-lens model: like the zoom of a camera, when we want to
pay a particular attention to something, we can see more details about it (we zoom
in on it). But human resources for doing it are limited, so we can focus on little
things having many details about them or we can look at big things, like an entire
landscape for example, with less details and precision. In this way, the total amount
of information we are actually processing can still be in the physical existing limit.
Both spotlight and zoom-lens theories support, however, the idea of attention as a
early selection filter operating on the physical features of the signals (Laarni (1999)).
Treisman and Gelade (1980) proposed the Feature Integration Theory, which sug-

Figure 1.1: Illustration of the description of visual attention as a spotlight, as given
by James (1890), who suggested attention as having a focus, a margin and a fringe.

gested that the basic features like color, orientation, depth, curvature and motion
were elaborated in a preliminary parallel way and, only afterwards, these features
were integrated. Late selection theories, instead, were investigated and proposed by
Duncan and Humphreys (1989, 1992) and Duncan et al. (1997) among others, who
hypothesized a parallel processing of the incoming signals without any kind of filter
and a selection executed only after a semantic analysis. Each stimulus is totally ex-
amined, but just the attended ones are stored in the working memory.
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Neurophysiological studies showed that the locus of visual selection seems to depend
on the amount of perceptual load. Lavie (1995) demonstrated that attentive filtering
takes place only if the perceptual load is so high to make a selection necessary, as
claimed by Luck and Ford (1998): “there is no point in suppressing the identifica-
tion of irrelevant objects unless the visual system is so overloaded that the irrelevant
objects interfere with the identification of relevant objects.” This suggests that both
kinds of selection are possible in different situations.

1.3 Divided Attention

The collocation of the bottleneck in the processing path of the incoming stimuli is
the main point in the analysis of selective attention. However, it does not give al-
most any kind of information about its so called energetic side of attention, which
regards the way in which the limited resources of the brain are distributed among
different tasks involving attention. The analysis of the energetic side can be consid-
ered another school of thought, exposed by Kahneman (1973) and Navon and Gopher
(1979), dealing with attention not as a filter, but as a resource with limited capacity,
shared by the stimuli, in proportion to their necessities.
Some of the first contributions in this direction were given by Spelke et al. (1976) and
Hirst et al. (1980). In their first work, Hirst et al. carried out experiments in which
the subjects were trained to execute two different tasks at the same time to check
their attentive behaviour in this kind of situation. In particular, they were asked to
read a passage and, simultaneously, to write down words someone was dictating to
them. The subjects in the beginning found it really difficult, but their performances
improved considerably in time. In the second work, instead of dictating words to
the subjects, they used sentences, asking the subjects to recognize these sentences
afterwards. In this way, they could understand if the subjects were really paying at-
tention to the meaning of the sentences or if they were just mechanically writing these
down. The results showed that actually both assignments were executed using atten-
tion. Thus, it seems that attention can be divided among different tasks and human
ability in doing so gets better with practice. But practice is not the only factor in-
fluencing human performance in accomplishing more than one job at the same time:
the nature of the jobs themselves has a huge impact on the way of facing this kind
of interference. Generally, people can talk while driving, but are not able to read a
book, for example. Of course, if they have just started learning to drive, even having a
conversation could be hard, whereas after they get used to it, the resources necessary
to drive will be much less and both tasks could be carried out contemporaneously
without any effort. The difference between the two couples of simultaneous opera-
tions: {driving, talking} and {driving, reading a book} is that in the first case,
the interference is, essentially, a resources matter; in the second one, it is structural,
so it can not be removed: even being the best and the most expert driver, looking



14 CHAPTER 1. HUMAN ATTENTIVE MECHANISMS

at the street is still necessary, so there is no possibility to look at the book. This is
because, the two tasks involve the same channel, being really similar, so they can
not be parallelized. Instead, a visual task like checking the street and an auditory
one like talking or listening to music are quite different. So, if they do not require
too many resources, (which, as we said above, can depend on the experience and
or on the previous knowledge or on aurosal), these tasks can be carried out easily
enough. Kahneman (1973) was one of the first researchers analysing this aspect. He
provided the concept of restricted resources using the metaphor of a tank, to indicate
the finite capacity of the means that humans can use. He differentiated tasks relative
to the mental effort they require to be performed, without a direct correlation to the
information load. Wickens (1980) improved this theory, introducing the concept of
structural interference and showing, that, even if two tasks are generally easy to be
achieved separately without demanding a big amount of computation resources, if
they need the same kind of resources, it could be not possible to work such an inter-
ference out. Even automatic processes can create this kind of interference. Stroop
(1992) made subjects see a screen like the one in Figure 1.2 and ask them to do two
different things: to say the color of each line and to read the same lines. The first
task was accomplished with much more difficulty than the second one (this effect
was later called Stroop Effect). The reason is that, reading is such a natural action
for people (if able to do it, of course) that is automatically executed, even if the task
does not require so. Consequently, interference is created. The same paradigm of this
experiment was also used to test the validity of late selection theories, using the lower
reaction of the responses of the subjects, because of interference, as the demonstra-
tion that unattended stimuli were also processed.
A similar result, known as Navon effect, was obtained by Navon (1977), who made

Figure 1.2: Example of the screen Stroop (1992) shown to subjects for some of his
experiments about divided attention.
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subjects look at larger characters made by small ones. The larger and the small char-
acter could be the same or different (such as in Figure 1.3). Subjects were asked
to identify just the small ones or just the larger ones. Navon noticed that, in case
of incongruent characters, they spent more time in the identification of the small
letters, while the identification of the larger ones was not affected. Again the incon-
gruence created and automatic interference and, consequently, a division of attentive
resources. Thus, the energetic side of attention can be considered

(a) Congruent Characters (b) Incongruent Characters

Figure 1.3: Example of the screen Navon (1977) shown to subjects for some of his
experiments about divided attention.

1.4 Attention and consciousness

Wolff (1734) and Leibniz (1765) elaborated, for the first time, a connection between
consciousness and attention, which was further investigated by Wundt (1874). Wundt
claimed that ideas are present in the consciousness on different levels, depending on
attention and the ability of being concentrated on something increases or decreases
on the basis of these levels of consciousness. Attentive mechanisms deal with all
the information which has to be cognitively managed, while the consciousness deals
with just the part of that information we are aware of. In opposition to Locke, Kames
(1732) claimed:”Attention is that state of mind which prepares one to receive impres-
sions. According to the degree of attention objects make a strong or weak impression.
Attention is requisite even to the simple act of seeing”. Some of the descriptions pro-
posed were supported by primal behavioural experiments, like the ones carried out
by Von Tschisch (1885) and later by Angell and Pierce (1892) to investigate how
different simultaneous stimuli are perceived and analysed in the consciousness.
Shiffrin and Schneider (1977) postulated the existence of automatic and controlled
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processes: in particular, they showed the qualitative difference between two modal-
ities of information processing: controlled search and automatic detection. Shiffrin
and Schneider supposed that automatic processes were really quick, because, even if
they could attract attention, they were executed without needing an attentive effort or
a precise intention. Moreover, they could not be controlled by the subject and they did
not use resources like short term memory: thus they are particularly efficient. The
controlled ones, instead, were slower, because based on the consciousness, on the
will to reach a particular aim and, consequently, demanding planning and control and
resources. On the other hand, these processes are extremely flexible compared to the
automatic ones, which are rigid and not able to adapt to new conditions or changes in
the operative environment. However, controlled processes could become automatic
through practice: as we said before about the Stroop effect, reading becomes in time
so natural as to be automatic even when we do not want to do it, because we are trying
to use our attention to do something else. A similar pattern takes place when we learn
a new language: after enough time and experience, we start thinking directly in the
new language, instead of preliminarily thinking in our mother language before and
then translating everything in the new one. While the process is becoming automatic,
it requires less and less resources and attention, which can be used to perform other
tasks in parallel. This is why, as we said before about divided attention, when some-
one starts learning to drive, it is hard do to other things at the same time; after a while,
the practice is enough and driving becomes automatic: there is no need anymore to
think about what to do to make the car move, to stop and so on, thus other tasks can
be executed simultaneously.
Norman and Shallice (1986) and Shallice (1988) proposed a new model which as-
sumes that actions could be controlled in two different ways. The first way takes
place in case of consolidates activities, that, thanks to learning, becomes automatic
in time. These kinds of activities can be executed in parallel without the generation
of so much interference. But, if a conflict is created, it will be necessary to define
which activity has the priority to be executed. The priority is decided according to a
sort of catalogue of decisions, which defines the rules to determine the importance of
each activity. The second way to control actions, according to Norman and Shallice,
is a system they called Supervisory Attentional System (SAS). This system is able to
interrupt, voluntarily, some of the activities, thus, it provides a flexible reaction to
new conditions.
Recent experiments investigated the crucial role of attention on the registration of
perceptual objects and events in consciousness. The so called Change Blindness, in-
troduced first by McConkie and Currie (1996), is just an example of it. The results
were quite similar and showed that, in particular circumstances, very large changes
in a picture could be ignored by the observers, not able to notice these changes at
all. Generally, these modifications are made simultaneously with other things able
to attract the attention of the observers and to distract them from the changes. But,
as Itti (2003) claimed, “this does not necessarily mean that there is no vision other
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than through the attention bottleneck”. Some experiments (dual-task psychophysical
experiments), in fact, have been performed in which subjects were able to identify
two different objects at two distant and not close positions (see Lee et al. (1999)). In
conclusion, it is just possible to say is that attention influences the accuracy of the ob-
servations, and that, as Koch (2004) wrote, only stimuli that are voluntarily reported,
can be considered “attended”.

1.4.1 Bottom-up versus Top-Down

As we mentioned many times so far, humans have limited cognitive resources; at-
tention is the process which allows answering quickly to complex stimuli using these
circumscribed means, selecting the most salient ones and suggesting to the brain what
to ignore. The selection is influenced by different factors operating at the same time
and at different levels: in relation to these factors, it is possible to distinguish be-
tween bottom-up and top-down filters. According to a bottom-up perspective, stimuli
of interest are those which do not involve a real attentive processing, but simply at-
tract subjects’ attention during a fast pre-attentive step, independently of a particular
task or aim. Generally, a bottom-up approach considers salient stimuli which are not
so habitual or which, somehow, break the balance of the environment: like a siren
coming close or a flash of a light or a red object in a totally green background. These
kinds of signals stand out from the scene, because of the characteristics of the brain’s
receptive fields. But there also signal which become salient in time, such as the voice
of a parent, for example. According to a top-down perspective, instead, the goal,
the previous decisions, emotions, desires, knowledge about the environment where
to operate or about the target to look for and the acquired models drive the subjects’
attention. As Connor et al. (2004) claimed, in their dispatch about visual attention:
“Top-down mechanisms implement our longer-term cognitive strategies”. The fusion
of these two modalities of analysis suggests to the brain what is salient and what
can be attenuated or deleted. The bottom-up approach catches what could be poten-
tially important, in accordance with instinctive human reactions; the top-down filter
which adjusts the results considering tasks and objectives. They somehow cooper-
ate: the top-down attention can give a different weight to the saliency suggested by
the bottom-up approach, in order to execute a task, but, still, the same saliency can
change the focus of attention suddenly thanks to particular stimuli. The experiments
of Moray (1959) showed this: when subjects heard their name, they immediately
switch the focus, without considering a task, eventually assigned.
Many studies over years, proposed the idea of this attention duality. Nakayama and
Mackeben (1989) demonstrated the existence of, at least, two different attentional
mechanisms: one operating in an automatic way and without any kind of control,
which is fast and momentary; the other which, instead, works slowly and involves
the voluntary control of the subject. Same results were shown by Braun (1994, 1998)
and Braun and Sagi (1990), who presented the idea of a binary nature of attention,
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using the concept of a bottom and and a top-down attentive filters operating simul-
taneously: the first one based on the concept of saliency; the second one linked to
voluntary control to reach some aim. More recently, in their investigation about the
way in which attention is actually reflected in the activity of the brain, Baluch and Itti
(2011) claimed that:”Although the exact mechanisms of top-down attention have yet
to be completely delineated, there are sufficient data available to demonstrate that
attention is mediated by the merging of top-down and bottom-up information.”.

1.5 Units of Attention

A long debate took place, in the last decades, about the nature of units of visual
attention. Some theories suggest that humans attend to features (feature-based atten-
tion), some that humans attend to spatial locations (location-based attention), some
others to objects (objects-based attention). Treisman and Gelade (1980) supported
the idea of feature-based attention, with their Features Integration Theory; more re-
cently, the same school of thought was sustained by Liu et al. (2003), among oth-
ers. Location-based attention, was, instead, exposed by Posner (1980), Eriksen and
St. James (1986) with their zoom-lens model and, in the last years, by Bisley and
Goldberg (2003). More recent theories support the idea of attention as a selection
within perceptual objects. Nowadays, the dominant opinion about visual attention is
that the different schools of thoughts (features,location,object-based attention) could
be combined, because the units of attention can vary according to the situation. Ar-
rington et al. (2000) gave an example of this, proposing a theory, which tries to link
together objects-based and location-based approaches, according to which, a region
of space attracts attention without the presence of eventual objects could influence
somehow the choice about the region.
It is quite easy to understand what a visual perceptual object is: edges, other geo-
metric characteristics, colour and textures can be linked to form objects in a scene,
as proposed by Feldman (2003). In acoustic context, instead, it is harder to define
precisely what acoustic objects are, but, generally, an audio stream coming from a
physical source can be considered an object. Through a sort of clustering process,
the audio samples which present the highest similarity can be grouped in the same
cluster; the iteration of this procedure over time provides the formation of objects.
Human auditory attention, in fact, seems to be composed of three different steps: a
preliminary process of acoustic objects formation, the organization of the sequen-
tial sounds into auditory streams and a successive process of selection among these,
as shown by Carlyon (2004) and Shinn-Cunningham (2008) among others. Several
physiological studies, supported by brain imaging investigations, such as the ones of
Mondor et al. (1998), Sussman et al. (1999), and Zatorre et al. (1999), were the basis
of these intuitions, proving that attention is directed at streams and that the different
signals are grouped to form different perceptual elements according to both low-level
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and high-level analysis. This means humans use not only physical characteristics like
frequency, location, pitch, timbre, (low-level examination) but also learned concepts
like the word identity, the grammar structure, semantics (high-level examination).
The identification of each stream within the complex sound received, then, depends
on the frequency, the relative spectral features and the spatial location of the different
sound sources.
For a complete review about units of attention, see Yantis (2000).
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Chapter 2

Computational Modelling of
Attention

In this Chapter, we expose the different computational approaches proposed over
years to imitate human attentive behaviour. Bottom-up and top-down models are
shown and some possible applications of the so called machine attention are pre-
sented.

2.1 Motivations

The possibility to reduce the amount of data to manage simultaneously is crucial
also in many computational applications. Implementing attentive mechanisms on a
machine allows the machine to be able to analyse the environment around and to
react, quickly, in an opportune way. Computer vision and computational auditory
scene analysis (CASA) would benefit very much from a filter discarding the pixels
or the sounds which should not necessarily be taken into account, sparing resources
and time. Frintrop et al. (2010) in their review listed some of possible applications of
computational visual attention systems. They explained, for example, how saliency
could be useful for image segmentation, compression or matching, as shown by Itti
(2004) and Ouerhani (2003). In the first case, the saliency could be used to determine
the starting point of the process; in the second one, the general procedure consists
of giving more importance to the salient parts, using a smaller compression factor
for them and a greater one for the others. In the third case, instead of comparing
completely the images, it is possible to check only the salient regions and to make
decision on the basis of this.
Also for robotics applications, the implementation of attentive mechanisms could be
convenient and advantageous. Frintrop et al. (2010) mentioned, for example, how it is
possible to exploit attention to find landmarks in a scene. These landmarks, then, can
be used for localization, either having an initial map of the environment or needing

21



22 CHAPTER 2. COMPUTATIONAL MODELLING OF ATTENTION

to build it (simultaneous localization and mapping (SLAM) ). Similar considerations
can be applied to object recognition problems, both in visual and auditory fields.
Being able to discriminate in a complex scenario between the different audio streams
and to focus and analyse just one of them is fundamental in applications involving
transcriptions of conversations, multi-speaker conferences, meetings, seminars. The
automatic speech recognition procedure needs to understand what is necessary to
analyse and what can be ignored: it necessitates to isolate the voice of interest within
the other sounds and voices around and to track it, to be able to recognize the words
pronounced (Choi et al. (2002)). In this perspective, human-robot interaction can be
considered, as well, an important area in which attention systems could be employed:
robots following conversations, robots exchanging information with humans, trying
to reach some aim and so on.

2.2 Bottom-up approaches

The concept of saliency is strongly related to bottom-up attentive mechanisms. Ac-
cording to Oxford Dictionary, in fact, saliency means prominence, conspicuousness
and, as we already said in section 1.4, in a bottom-up approach, what pops out of the
scene is considered interesting. Thus, these approaches use saliency as a measure to
identify what have to be considered in the analysis and what can be ignored, building,
generally a so-called saliency map, indicating for each “point” in the environment its
level of ”importance”. The difference between them consists, basically, in the way of
estimating saliency.
The allocation of the bottom up attention in different sensory systems involves similar
mechanisms. For this reason, even if the features used to assign the salience values
are very different, similar models have been developed to obtain visual and auditory
saliency maps. The classical visual models work on spatial images only, while the
auditory models consider also the temporal domain; still the maps obtained are struc-
turally equal.

The most part of the computational models which have been proposed till now are
based on the Feature Integration Theory of Treisman and Gelade (1980), asserting
that some features are parallel processed in some kind of pre-attentive step, while
combinations of features have to be searched for in a serial way. This procedure gen-
erates separate maps, which are, then, fused to obtain a unique final saliency map.
Thus, the choice about which features to be selected for generating those maps be-
comes particularly important.
The model of Koch and Ullman (1985) can be considered the first visual model in
this direction, regarding visual attention. It is essentially based on a two-dimension
topographical saliency map, obtained as a combination of feature maps, computed
according to the sensitivity to colours, intensity, orientations, motion and so on. The
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most salient region is selected using a Winner Takes All (WTA) network, introduced by
Feldman and Ballard (1982). The dynamic evolution of saliency over time is assured
by a mechanism of Inhibition Of Return (IOR), which is crucial to avoid the attentive
system to be focussed on the same region perpetually, as later pointed out by Itti and
Koch (2001). This mechanism decreases the salience of the current attended target,
updating the map and allowing, so, the focus of attention to shift to the next most
salient target. The WTA network was criticised by Tsotsos (1993), who proposed a
new version of it, which admits the possibility of having multiple winners, using an
inhibitory beam. This net was afterwards used by Tsostos and colleagues in Tsotsos
et al. (1995) in their selective tuning (ST) model, which exploites luminance, orien-
tation as some of the discriminative features. Later, in Tsotsos et al. (2005), motion
was also considered a feature. An other bottom-up model was presented by Milanese
(1993), who used colour, orientation and edge magnitude as a feature to compute the
feature maps and a relaxation rule to generate the final saliency map. Wolfe (1994a)
proposed a list of so called guiding attribute that can be used to direct attention. In
particular he believed that there is an independent map for each kind of feature and
that, in each of this map, then, the feature can be separated in its components.
Itti et al. (1998) and Itti and Koch (2001) developed and improved the original model
of Koch and Ullman (1985), introducing an easier and faster way, compared to the
relaxation rule of Milanese, to combine the single maps in the ultimate one. This
model has been taken as a reference in several following works and still developed
and considered as one of the most efficient and biologically plausible. Its perfor-
mance has been tested, in fact, in the analysis of natural color scenes and compared
with human behaviour and ability in the same circumstances, like in Itti and Koch
(2000), Itti (2006) and Ouerhani et al. (2004).

The system proposed by Kayser et al. (2005) operates in the auditory field, simi-
larly to the ones presented in Itti and Koch (2001) and Itti et al. (1998) to implement
bottom-up visual visual attention. Features relative to spectral or temporal modu-
lation (such as intensity, frequency structure and temporal structure) are extracted
in parallel at different scale through different sets of filters and compared thanks
to a center-surround mechanism. Then, the maps, obtained from each feature sep-
arately, are normalized and finally combined to obtain the saliency representation
of the scene. In this way, short and long tones in a noisy background are salient,
long tones have more salience than short tones, temporally modulated tones are more
salient than stationary tones and also the forward masking (in a sequence of two
closely spaced tones, the second is less salient) holds true.
The model proposed by Duangudom and Anderson (2007) uses, instead, features
obtained from the analysis of the behaviour of auditory spectro-temporal receptive
fields (STRFs), extracting the spectro and temporal components of the auditory spec-
trogram of the sound input. For each of these features, a saliency map has been
built and grouped according to four broad feature classes. Then, an inhibition stage
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promotes those relative to the features with prominent peaks, deleting or inhibiting
the others. So, for each group, the resulting maps are combined, again subjected to
inhibition and again combined to obtain the final saliency map.

2.3 Top-down approaches

Over years, bottom-up mechanisms have been investigated and studied much more
than the top-down ones: basically because they are much easier to be analysed and
controlled. Moreover, the way in which the two attentive modalities influence each
other and their correlation are not well known, as pointed out in Frintrop et al. (2010).
As we already mentioned, attention can be allocated in an automatic way (bottom-up
cues) or trying to accomplish a particular task (top-down cues). In this case, attention
needs to be switched in spite of the instinctive natural reactions and this implies an
effort (Itti and Koch (2001)). Baluch and Itti (2011) in their review, differentiated
between two different kinds of top-down mechanisms: volitional top-down process
and mandatory top-down process. The first one is linked to the desire to act, while
the second one is more automatic somehow and it could be hard to eliminate, because
it is developed and learned by experience.

Many psychologically and neuro-biologically motivated visual models propose a
very similar architecture in which information from bottom-up and top-down sources
combines in a saliency map. Mozer (1991) proposed, maybe, the first model in this
perspective, but more known is the one elaborated by Wolfe (1994b). Wolfe believed
that the discriminant features that have to be used in the analysis could change ac-
cording to the circumstances. Thus, they could be selected according to top-down
criteria. The saliency maps obtainable through the application of his model comes,
then, from a bottom-up approach, filtered by a top-down one. Milanese et al. (1994)
exploited top-down information to integrate in a bottom-up object recognition sys-
tem. Basically, the bottom-up analysis selects some regions where the objects could
be and, afterwards, the top-down analysis returns a map exalting just the regions with
recognized objects. In the attentive model proposed by Tsotsos et al. (1995) and al-
ready cited in the previous section, the focus of attention was determined, biasing the
analysis with some more information about location or features, which could help to
reduce the space of search, on the basis of the particular situation. Navalpakkam and
Itti (2006) included in a bottom-up model based on the one proposed by Koch and
Ullman (1985), top-down cues to facilitate visual search.
In all these models, the bottom-up was used just as a filter to bias all the incoming
stimuli, in the model of Hamker (2006), instead, the bottom-up information influ-
ences also the representations of objects. Hamker tested the model, for an object
detection task in natural scenes. Frintrop (2006) implemented a top-down mecha-
nism to recognize target objects. An original view is given by Ognibene et al. (2010),
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who investigated if and how bottom-up attention could affect top-down cues and the
manner in which these cues are analysed. They managed to demonstrate that bottom-
up attention can actually influence top-down attention control proficiency.

As we mentioned in Chapter 1.5, many experiments have been executed to investigate
the human behaviour in scenarios characterized by different voices and sounds at the
same time, with or without the presence of preliminary information or specific tasks.
But computational approaches able to cover the effect of the top-down factors on the
scene analysis have not been investigated yet as much as for visual attention, even if,
as we already mentioned, similar mechanisms and principles are involved. Models
dealing with a singular problem have been shown, but not generalized yet. Kalinli
and Narayanan (2008), for example, faced the problem with prominent syllable de-
tection task in speech. A classifier has been trained to distinguish between different
categories, (in particular: prominent and non-prominent syllables) on the basis of
the information extracted thanks to a procedure similar to those used in a bottom-up
approach. A more complete model was proposed by De Coensel and Botteldooren
(2008) for a soundscape case. They tried to obtain a well-adjusted combination be-
tween top-down and bottom-up mechanisms, allowing the execution of the concept
of divided attention, thanks to the possibility of having more than one environmen-
tal sound noticed simultaneously. A different perspective is given by Wrigley and
Brown (2004), who examined the way in which attention influences the formation
of the various audio streams and elaborated a framework based on neural oscillators
to implement the separation of the incoming stimuli in the different auditory flows
components and elaborating an attentive model as a Gaussian mixture in frequency.

The so called Bayesian definition of surprise, proposed by Itti and Baldi (2006), could
be considered another different approach to the studies about the influence of the top-
down factors in the attentive analysis of a scene. Surprise, in fact, measures how data
affects an observer, in terms of their expectations, as the difference between posterior
and prior beliefs about the world. Previous knowledge and tasks eventually assigned
can be included in the prior beliefs so that they can influence the computation of the
final saliency.
Other works, such as the one performed by Taylor and Fragopanagos (2005), started
analysing the way in which also cues like emotions, wills and so on could impact on
an attentive analysis of a scene, but the field is still unripe and computational systems
dealing with it seem still missing.
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Part II

Attention as Active Decision
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Chapter 3

What to measure next?

In this Chapter, we investigate a different interpretation of top-down attention as a
sequential measurement problem, in which only some information is initially avail-
able and a sort of active decision procedure is implemented to evaluate, step by step,
the best measure to perform for accomplishing a general task. An attentive model is,
thus, proposed and its behaviour tested and discussed.

The work has been already presented and published in Hansen et al. (2011).

3.1 Sequential measurement problem

The sequential measurement problem has been investigated in different application
fields, such as petro-physics and medical diagnosis by Wiegerinck et al. (2010), geo-
physics by Van Den Berg et al. (2003), robot navigation by Burgard et al. (1997) and
active vision by Zhou et al. (2003) and Kappen et al. (1998).
Kappen et al. (1998) described the concept of active vision for an object recognition
process in which just some observations about the objects are known and others need
to be discovered to accomplish the task. However, thanks to the available ones and
to experience, it is possible to make probabilistic predictions about the nature of the
objects. In such a scenario the choice about which observation should be performed
next to improve the recognition phase becomes crucial.
According to Kappen et al., also features selection and next-view planning problems
can be considered as examples of active vision. In the first case, the aim is to find
the subset of features able to best represent the objects; in the second one, the aim
is to understand the 3D structure of an object from some of its 2D views. In both
situations, the problem consists of, using just partial information, finding out which
other features or which other views could maximally improve recognition.
The idea of a limited initial knowledge able to address more specific investigations
is close to the Contextual Guidance model, proposed by Torralba et al. (2006). They
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used the concept of gist of the scene to implement a top-down control on object search
tasks. The gist could be defined as the global features of a scene, giving information
about the context.
This is in line with different studies demonstrating that humans could get the semantic
of a scene without identifying the objects in it; in several occasions, the spatial layout
could be sufficient, as showed in Schyns and Oliva (1994), Oliva and Schyns (2000)
and Rousselet et al. (2005) among others. Attneave (1954), in particular, in an earlier
work, illustrated with intuitive examples, supported by experiments, that there is a big
amount of redundancy in natural images and that humans seem to have a good inner
predisposition to manage this redundancy. Torralba et al. used as contextual features,
the ones able to represent “the entire image holistically by extracting global statistics
from the image”. In their work there is no explicit model of the ’task’, but rather the
top-down control guides focal attention, suggesting how the global features should
be used to select the regions which seem to be more significant for the exploration.
These analyses have been exploited to implement a different approach to top-down
attention modelling, exposed in Hansen et al. (2011). The problem of considering
the way in which tasks, experience and knowledge could influence the attentive be-
haviour is managed as a sequential measurement problem. A sequential measure-
ment problem in which just some contextual information is given and we want to
know what it is the best measurement to perform next, in order to achieve some goal,
maximizing, step by step, the acquirable knowledge.

3.2 Information Maximization

Shannon (1948) analysed the notion of information in a message, introducing the idea
of information as a statistical entity. The aim was to understand how messages carry-
ing an amount of data higher than the capacity of the channel could be still transmitted
without making errors, taking advantage of the redundancy of the message itself. The
idea is close to the one of Attneave (1954) in vision field and fundamental for all the
procedures involving compression algorithms, cryptography and for communication
systems.
Shannon considered a set of possible events, characterized by known probabilities of
occurrence pl, p2, ..., pn and established a quantity H of the form given in Equation
(3.1), as a measure of information and uncertainty called entropy.

H = −c
∑

pi log pi (3.1)

where c is a positive constant. Entropy, according to Shannon, is “a measure of how
much choice is involved in the selection of the event or of how uncertain we are of
the outcome”.
Lindley (1956), drawing inspiration from Shannon, adapted the concept of entropy to
measure the information of an experiment, rather than a message. He claimed that,
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even without a clear definition of the task, experiments could be carried out even just
to gain knowledge about the state of nature. Thus, the objective is to select, given
a set of experiments, the best one to execute, according to the amount of informa-
tion the experiments could provide. The acquirable knowledge is computed using
the Shannon’s equation (Eq. 3.1) and the average amount of information brought by
each experiment is computed as the average of the difference between the knowledge
before and after performing it.
Bruce and Tsotsos (2006) proposed a new way of estimating saliency, based on an in-
formation maximization approach. In particular, they use self-information as a mea-
sure of local contrast to generate a bottom-up saliency map, taking into account that
several studies, like the ones performed by Nothdurft (1990), showed that saliency
is more related to the contrast, than to the effective intensity of a feature. The dif-
ference between self-information and entropy, “which is closer to a measure of local
activity” was investigated through some elucidative examples 1.
Later, as we already mentioned in the previous section, Kappen et al. (1998) analysed
an object recognition procedure, as an active vision task. The values of some features
are known and others, instead, have to be found. The computation of the values of
the remaining features is implemented as a sequential decision making process, in
which the next feature to measure is selected with respect to the entropy value asso-
ciated to the choice of the feature itself. Consistent with the work of Lindley (1956),
then, this feature is the one giving the lowest value of entropy and, consequently,
the highest amount of information. Considering the recognition process as the task,
gaining knowledge represents, in fact, what also humans would prefer to do in order
to achieve their goal.

3.3 A top-down task driven model

As we already mentioned in Section 3.1, we are interested in modelling top-down at-
tention as a sequential measurement problem. Like in Torralba et al. (2006), the task
is not exactly defined and we operate in a scenario in which only vague information
is available, the gist of the scene, and we want to infer which one is the best mea-
surement to perform next to improve our knowledge. According to Lindley (1956),
we consider as the best measurement, the one able to provide the highest amount
of information and, consequently, relative to the lowest level of entropy. The aim is
to take advantage of optimization strategies to increase our knowledge and, conse-
quently, improve the decision making process.
We highlight the fact that our attention model, which is based on a top-down driven
feature selection mechanism among missing ones should not be confused with fea-
ture selection methods which aim to reduce number of redundant features especially

1If an event has probability pi to occur, then self-information is a function of pi and it is defined as
− log pi
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for large databases.
The model mimics human behaviour in similar circumstances. Many studies, like the
one of Yarbus (1967) in the visual field, show the influence exercised by top-down
factors, like the presence of a task, on human way of addressing attention. Some ex-
amples in this context were provided by Kalinli and Narayanan (2008). They argued
that if we had to estimate the age of someone, we would tend to look at the face; if
we had to guess, instead, people’s material conditions, our attention would be more
attracted by the clothes or other particular worn accessories. In both cases, there is
a clear tendency to shift the gaze towards the aspects giving more information about
the task. A similar pattern could be observed in an acoustic scenario: on the basis
of our aim, in a complex scenario characterized by different voices and sounds at the
same time, our attention would be grabbed by the speech signal, in case we needed to
know what someone is talking about; we would pay attention to the music if, instead,
the task was to identify the instrument which is playing.

We implement the sequential measurement problem in a generic Gaussian Discrete
mixture model. The main novelty of our idea consists of proving the computational
feasibility of a decision process, if carried out using this kind of model. Generally,
in fact, the other works, proposing to use an informational theoretic approach, are
specialized and applicable only in particular domains.
The model was tested on a missing data classification problem. The values of some
features are known, others can be obtained; thus, in each step, the decision about the
next features to take into account, which is supposed to be the most salient one, is
made. In order to do it, the input feature saliency of the missing features, conditional
on the available ones, is computed. The saliency is given as the expected reduction
in entropy of the classification model over the output probabilities. The missing data
scenario can be considered close to the one analysed by Ahmad and Tresp (1993).
The measurement procedure is articulated in two different phases, as performed by
Kappen et al. (1998). In the first phase, we train a generative classification model
based on complete training data. In the second one, we apply the trained model to
test data potentially with missing features. To test the quality of the top-down saliency
estimator we classify the test data with and without the additional feature, as well as
with a randomly selected additional feature.
The classification problem is implemented over a set of C classes indexed by the
discrete variable y, (y = 1, ..., C). The initial available information is represented
by vectorial observation x with components xi, i = 1, ..., I . Attending to a spe-
cific channel j, an additional measurement zj can be performed. The measurement is
chosen among the set of missing features z with components z1, ..., zJ . Let the joint
probability of the classes and all features observed and missing be denoted p(y,x, z).
The aim is to make decision about y, minimizing the error rate. Hence, we invoke
Bayesian decision theory and choose y according to the posterior distribution p(y|...).
The condition depends on the stage in the sequential measurement process. Initially,
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the information available is x, thus the relevant probability is

p(y|x) =
∫
p(y,z|x)dz

=
∫
p(y,x, z)dz∑C

y=1
∫
p(y,x, z)dz

. (3.2)

Using the top down attention mechanism we will select an additional feature zj ,
which will result in the distribution

p(y|x, zj) =
C∑
y=1

∫
p(y,z|x)

∏
i 6=j

dzi

=
∫
p(y,x, z)

∏
i 6=j dzi∑C

y=1
∫
p(y,x, z)

∏
i 6=j dzi

(3.3)

The information value of this choice is given as the difference in confusion (entropy)
before and after the second measurement, which will depend on the particular out-
come of the sequential measurement, zj ,

∆Sj(x, zj) =
C∑
y=1

log p(y|x, zj)p(y|x, zj)

−
C∑
y=1

∫
log p(y,z|x)p(y,z|x)dz (3.4)

As zj is unknown at this stage in the process we are forced to average ∆Sj(x, zj)
with respect to this variable given the information we have access to, i.e., with respect
to the distribution of zj conditioned on the initial measurement x. This procedure
provides us with the expected information gain of measuring the value of feature j 2:

Gj(x) ≡
∫

∆Sj(x, zj)p(zj |x)dzj

=
C∑
y=1

∫
log p(y|x, zj)p(y, zj |x)dzj

−
C∑
y=1

∫
log p(y,z|x)p(y,z|x)dz. (3.5)

The information gain can be used to rank features in importance.

2The second term does not depend on j, hence, can be neglected in the saliency estimate.
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3.3.1 Gaussian Discrete mixture model and Information Gain

The Gaussian Discrete mixture model (GDMM) is a generative model of the joint
distribution, see e.g., Hansen et al. (2000) and Larsen et al. (2002),

p(y,x, z) =
K∑
k=1

p(k)p(y|k)p(x, z|k) (3.6)

where K is the number of components, p(k) are component probabilities, p(y|k) is
a C ×K probability table, and p(x, z|k) are K Gaussian pdfs. We choose a gener-
ative representation to allow for modeling of input dependencies which is necessary
in order to make inference about missing features. Maximum likelihood parame-
ter estimation in the GDMM leads to a straightforward generalization of expectation
maximization algorithm for conventional mixtures.
Introducing the generative model of Eq. (3.6) in the information gain and using

p(k|x) = p(k)p(x|k)/p(x)

we obtain

Gj(x) =
C∑
y=1

K∑
k=1

p(y|k)p(k|x)×∫
log [p(y,x, zj)] p(zj |x, k)dzj

−
K∑
k=1

p(k|x)
∫

log [p(x, zj)] p(zj |x, k)dzj

+ const. (3.7)

where

p(y,x, zj) =
K∑
k=1

p(k)p(y|k)p(x, zj |k)

and

p(x, zj) =
K∑
k=1

p(k)p(x, zj |k)

Thus, computing G for all I features amounts to calculate Q = I ∗ (C + 1) ∗ K
one-dimensional integrals over Gaussian measures

p(zj |x, k) = N (µj(x, k), σ2
j (x, k))

with

µj(x, k) = µj,k −Σzj ,x,kΣ
−1
x,x,k(x− µx,k)

σ2
j (x, k) = σ2

j,k −Σzj ,x,kΣ
−1
x,x,kΣx,zj ,k. (3.8)
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In these expressions µj,k, σ2
j,k are the mean and variance of the jth feature in the

kth component, while Σa,b,k is the part of the covariance matrix of the k component
corresponding to variable sets a, b.

3.3.2 Experimental Evaluation

In order to investigate the behaviour of the model, we checked the error rate in the
classification problem for four well-known benchmark problems of the UCI deposi-
tory (see Frank and Asuncion (2010)), which have heterogeneous input feature sets:

• the Pima Indian diabetes data

• the Liver Disorders data set

• the Abalone data

• the Yeast data

We analyse the results given choosing the next feature to measure according to the
saliency estimate and randomly, comparing with a classifier that has access to all
features and one that only has access to the original two features of the incomplete
measurement. The Gaussian Discrete mixture model is generated on a training set of
Ntrain data points; the test step is implemented on the remaining Ntest data points.
We simulate an incomplete measurement situation in which only D0 < D features
are available for the estimation of saliency, where D is the number of features in
the classification problem. The Gaussian Discrete model is trained with a variable
number of components (K). Component covariance matrices are estimated with a
simple Wishart prior with a diagonal mean covariance matrix of unit variance. Prior
to training all variables are normalized to zero mean and unit variance. The initial
training phase is carried out using an EM procedure, which is straightforward to
generalize to incorporate the table structure of the Gaussian Discrete model. The
training phase involves a multi-start procedure with 10 random initializations and
further 1000 EM iterations are carried out on the initialization that leads to the lowest
training error rate in classification.
Classification is done according to the posterior distribution

p(y|x, z) =
∑K
k=1 p(k)p(y|k)p(x, z|k)∑K

k=1 p(k)p(x, z|k)

=
K∑
k=1

p(k)p(y|k)p(k|x, z) (3.9)

to minimize the miss-classification rate.
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The Pima Indian diabetes data

This data set concerns prediction of Diabetes Mellitus. The included patients are fe-
males at least 21 years old of Pima Indian heritage (see Smith et al. (1988)). The data
set is split in training and test sets of sizes Ntrain = 200 and Ntest = 332 respec-
tively. Initial pilot runs indicates that K = 5 was a good bias-variance trade-off.
The initial training phase on complete data set provides a model with training error
rate Etrain = 18.0% and when evaluated on the complete test set shows a test error
rate of Etest = 21.6%, at par with test error rates reported elsewhere, see e.g. Ripley
(1996).
To emulate an incomplete data scenario we test the top-down saliency estimate, repre-
sented in Equation (3.7) using an initial feature vector x comprising variables (1, 7)
representing the ‘number of times pregnant’ and ’age’ features within the list of a
total of seven measures:

1. number of times pregnant

2. plasma glucose concentration a 2 hours in an oral glucose tolerance test

3. diastolic blood pressure (mm Hg)

4. triceps skin fold thickness (mm)

5. body mass index (weight in kg/(height in m)2)

6. diabetes pedigree function

7. age (years).

The input feature 2 ‘Plasma glucose concentration at 2 hours in an oral glucose
tolerance test’ is interesting for its known diagnostic value (see Smith et al. (1988))
and also because it is both more expensive to obtain and delayed relative to the other
features. The diabetes pedigree function represents the Diabetes Mellitus history
in relatives and the genetic relationship of relatives to the subject. It is based on
information about parents, grandparents, full and half siblings, full and half aunts
and uncles, and first cousins (see Smith et al. (1988)), and thus is also complex and
time consuming to obtain.
To have an initial expression of the input feature relevance we measured the mutual
information between each input feature and the class label. The mutual information is
tested against a null hypothesis of no mutual information using a simple permutation
test (Nresamples = 200), the null was rejected if p > 0.01, and in this case the
mutual information is reported. We found that features (1, 2, 7) were significantly
informative on a single feature basis, as seen in panel (e) of Figure 3.1, with feature 2
as the most informative as expected. We observe that the frequencies are not simply
given by the mutual information. This result underlines the need for an attention
model.
Going through all test examples we note both the saliency allocated to features
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(2, 3, 4, 5, 6), as well as the rate at which they are chosen for measurement as being
the most salient. The resulting distributions are shown in panels (b) and (c) of Figure
3.1. Clearly, feature 2 is the most important in terms of saliency and is attended to in
more than 80% of the test data. The choice of features is broken down within the two
classes in panel (d), and interestingly we find that global result of panel (b) appears
from a somewhat different distributions in the two classes indicating the importance
of the interaction between the initial input x and the top down mechanism in the
saliency estimate.
The classification performances of the various schemes are shown in panel (a). The
saliency based feature choice leads to an error rate of 24%, while classification based
on the initial features (1, 7) only leads to poor performance close to baseline random
guessing. Classification based on (1, 7) combined with a randomly selected feature
leads to a somewhat higher error rate (29%).
In conclusion, we would recommend to acquire the plasma glucose concentration,
while the Diabetes Pedigree Function seems irrelevant in the present sample.

The Liver Disorders data set

This classification task concerns prediction of liver disorder based on blood tests and
alcohol consumption of male individuals. The task is proposed and data donated by
BUPA Medical Research Ltd. (see Frank and Asuncion (2010)). The list of features
for this problem comprises:

1. mean corpuscular volume,

2. alkaline phosphotase,

3. alamine aminotransferase,

4. aspartate aminotransferase

5. gamma-glutamyl transpeptidase,

6. drinks (as the number of half-pint equivalents of alcoholic beverages drunk per
day).

The first 5 variables are blood tests features believed to be sensitive to liver disorders
that might arise from alcohol consumption. Each data sample is based on the record
of a single male individual.
We tested the single feature information content as shown in Figure 3.2 panel (e) and
found that only features (5,6) are informative on their own (p < 0.01). This data set
is smaller with Ntrain = 200 and Ntest = 95. We train the Gaussian Discrete model
with K = 10. The baseline error rate on the test data is 42%.
We emulate a severely missing data situation by letting the initial incomplete mea-
surement be given as two features (3, 4) which both are deemed uninformative by
the permutation test. As in the diabetes data we run through all test examples and



38 CHAPTER 3. WHAT TO MEASURE NEXT?

note both the saliency allocated to features (1, 2, 5, 6) as well as the rate at which
they are chosen as the most salient. The resulting distributions are shown in panels
(b) and (c) of Figure 3.2. The behavioral feature 6 (number of drinks) obtains some
attention but is rarely chosen as the additional most salient feature for classification.
The most salient and most often chosen features are 1 and 5, that are chosen for atten-
tion in 55% and 40% of the test respectively. The choice of features is broken down
in classes in panel (d), and again we see that the classes require somewhat different
choice of feature showing the interaction between values of the initial input (3, 4)
and the top down influence on the saliency estimate.
We find it interesting that even in the case of such a relatively ’uninformative’ initial
measurement as we have access to in this experiment, the top down saliency estimate
is successful in locating features that lead to a classification performance on par with
that obtained when using all features (∼ 30%).

The Abalone data

The task is to predict the age of Abalone from physical measurements (see Nash and
Laboratories (1994) and Waugh (1995)). Here we convert the problem to a binary
decision problem (young vs. old). The variables used as features are:

1. gender (M, F),

2. length, longest shell measurement,

3. diameter, perpendicular to length,

4. height, with meat in shell,

5. whole weight, whole abalone,

6. shucked weight, weight of meat,

7. viscera weight, gut weight (after bleeding),

8. shell weight, after being dried.

This data set is larger with Ntrain = 3500 and Ntest = 677. We train the Gaussian
Discrete model with K = 17.
The baseline error rate is 50% and the trained model obtains a test error below 20%
based on complete measurements, thus this is a well calibrated modeling problem.
We further tested the single feature information content as shown in Figure 3.3, panel
(e) and find that all features are informative (p < 0.01), with feature 8 as the most
informative with almost 0.4 bits of information. We choose in this case to provide
features (1, 2) and evaluate the top down saliency for features (3, 4, 5, 6, 7, 8).
As expected, we find feature 8 is allocated the most saliency and is most often at-
tended to, being proposed in 75% of the test cases. The resulting classifier is signifi-
cantly improved over random attention (22% vs. 27%).
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The Yeast data

This last data set used for illustration of the top down saliency estimate concerns
determination of protein cellular localization sites (see Horton and Nakai (1996)).
The variables used as features include:

1. McGeoch’s method for signal sequence recognition,

2. Von Heijne’s method for signal sequence recognition,

3. score of the ALOM membrane spanning region prediction program,

4. score of discriminant analysis of the amino acid content of the N-terminal re-
gion (20 residues long) of mitochondrial and non-mitochondrial proteins,

5. presence of "HDEL" substring (thought to act as a signal for retention in the
endoplasmic reticulum lumen),

6. peroxisomal targeting signal in the C-terminus,

7. score of discriminant analysis of the amino acid content of vacuolar and extra-
cellular proteins,

8. score of discriminant analysis of nuclear localization signals of nuclear and
non-nuclear proteins.

The classification becomes a binary decision process by selecting a subset associated
with two most frequent sequence types CYT (cytosolic/cytoskeletal 463 examples)
and NUC (nuclear, 429 examples) in SWISS-PROT database.
This data set comprises of a training set with Ntrain = 650) and a test set with
Ntest = 242 samples. We train the Gaussian Discrete model with K = 11. The
baseline error rate is 45% and the trained models obtain test and training error rates
around 30% based on complete measurements, thus signifying a noisier decision
problem than the previous Abalone case.
We further tested the single feature information content. As in the Abalone data set
all features are informative (see Figure 3.4, panel (e)). To emulate incomplete data
we provide the classifier with features (1, 5) that are both significantly informative,
but at a somewhat lower value than in the Abalone example (less than 0.08 bits of
information). As in the previous examples we note an improvement in performance of
the top-down saliency strategy relative to classifying based on both the initial features
(1, 5), as well as compared to providing an extra feature chosen at random. Inspecting
the feature selection in Figure 3.4, panel (c) we see that the process almost exclusively
chooses to add feature 8 to initially given features (1, 5).

3.3.3 General discussion and conclusion

The experiments carried out for these data sets, show that our attention mechanism
provides for improved classification over simple random attention. Improvements are
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found even if the initial incomplete feature set was of limited information itself.
In the tests discussed above, the initial available features are randomly chosen to
show the behaviour of the model in different situations. In the Pima indian dia-
betes diagnoses problem, for example, the starting scenario is given by features (1, 7)
which seem to be informative enough according to mutual information; unlike fea-
tures (3, 4) for Liver disorder problem; two more intermediate situations are proposed
and analysed in the case of Yeast and Abalone data.
Further experiments were executed, considering also mutual information as one of
the possible criteria to use for choosing the next feature to measure: the subset of
features initially available are randomly generated. The averaged error rates are anal-
ysed and the choice driven by the attentive model proves to be the one providing the
best classification performance. In Figure 3.5, 3.6, 3.7 and 3.8, the results obtained,
respectively, for Pima indian diabetes diagnoses data sets, Liver Disorders, Abalone
and Yeast data are presented.
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Figure 3.1: Pima indian diabetes diagnoses problem. Seven input features are con-
sidered. Here we simulate incomplete measurement, in which features (1, 7) =
(#pregnancies, age) are given. The panels show (a) Error rates in the training set
(Ntrain = 200) and the test set (Ntest = 332) for complete data, test error using only
the initial feature set (1, 7), and test set using (1, 7), and the feature chosen among
2 − 6 by the top down saliency estimate, and finally the test error obtained using
features (1,7) and a randomly chosen additional feature; (b) Estimated information
saliency obtained on the test data, given the incomplete feature vector (1,7); (c) Fre-
quency of selection of features 2-6; (d) Frequency of selection in test cases within the
two classes;(e) The log2 mutual information between features and class label.
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Figure 3.2: Liver disorder problem. Seven input features are considered. Here we
simulate incomplete measurement, in which features (3, 4) only are provided. (a)
Error rates in the training set of complete data (Ntrain = 200) and the test set (Ntest =
95) using complete data, the test error using the initial feature set (3, 4), and the
test error using (3, 4) and the feature chosen by the top down saliency estimate, and
finally the test error using features (3,4) and a randomly chosen additional feature; (b)
Estimated information saliency obtained on the test data, given the incomplete feature
vector (3,4); (c) Frequency of selection of the additional features; (d) Frequency
of selection of features in test cases within the two classes; (e) The log2 mutual
information between features and class label.
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Figure 3.3: Abalone data converted to a classification problem (old/young). Eight
input features are considered. We simulate incomplete test measurement, in which
only features (1, 2) are included. The panels show: (a) Error rates in the training set
of complete data (Ntrain = 2500) and the error on the test set (Ntest = 677) using
complete data, test error rate when using the initial feature set (1, 2), test error using
(1, 2) and the feature chosen by the top down saliency estimate, and finally the test
error obtained using (1,2) and a randomly chosen additional feature; (b) Estimated
information saliency obtained on the test data, given the incomplete feature vector
(1,2); (c) Frequency of selection of the additional features; (d) Frequency of selec-
tion of features in test cases within the two classes; (e) The log2 mutual information
between features and class label.
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Figure 3.4: Yeast data. Eight input features are considered. We simulate incomplete
test measurement, in which the two features (1, 5) are given. The panels show: (a)
Error rates in the training set of complete data (Ntrain = 650) and in the test set
(Ntest = 242) using complete data, test error rate using only the initial feature set
(1, 5), and test error using (1, 5), and the feature chosen by the top down saliency
estimate, and finally the test error obtained using (1, 5) and a randomly chosen ad-
ditional feature; (b) Estimated information saliency obtained on the test data, given
the incomplete feature vector (1, 5); (c) Frequency of selection of the additional fea-
tures; (d) Frequency of selection of features in test cases within the two classes; (e)
The log2 mutual information between features and class label.
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Figure 3.5: Pima indian diabetes diagnoses problem. Seven input features are con-
sidered. Here we simulate an incomplete measurement, in which only 2 of the fea-
tures are given. 200 random subsets of features initially available are considered
and the average error rates obtained are shown.. In particular, from the left to the
right: error rates in the training set (Ntrain = 200) and the test set (Ntest = 332)
for complete data, test error using only the initial feature set, test set using the initial
subset and the feature chosen among the remaining ones by the top down saliency
estimate, the test error obtained using the initially available features and a randomly
chosen additional feature and, finally, the test error using the initial features and as
an additional feature, the most informative one according to mutual information.
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Figure 3.6: Liver disorder problem. Seven input features are considered. Here we
simulate an incomplete measurement, in which only 2 of the features are given. 200
random subsets of features initially available are considered and the average error
rates obtained are shown. In particular, from the left to the right: error rates in the
training set of complete data (Ntrain = 200) and the test set (Ntest = 95) using
complete data, the test error using the initial feature set, the test error using the initial
features set and the feature chosen by the top down saliency estimate, the test error
using the initial features and a randomly chosen additional feature and, finally, the
test error using the initial features and as an additional feature, the most informative
one according to mutual information.
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Figure 3.7: Abalone data converted to a classification problem (old/young). Eight in-
put features are considered. Here we simulate an incomplete measurement, in which
only 2 of the features are given. 200 random subsets of features initially available
are considered and the average error rates obtained are shown. In particular, from the
left to the right: error rates in the training set of complete data (Ntrain = 2500) and
the test set (Ntest = 677) using complete data, the test error using the initial feature
set, the test error using the initial features set and the feature chosen by the top down
saliency estimate, the test error using the initial features and a randomly chosen addi-
tional feature and, finally, the test error using the initial features and as an additional
feature, the most informative one according to mutual information.
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Figure 3.8: Yeast data. Eight input features are considered. Here we simulate an
incomplete measurement, in which only 2 of the features are given. 200 random sub-
sets of features initially available are considered and the average error rates obtained
are shown. In particular, from the left to the right: error rates in the training set of
complete data (Ntrain = 650) and the test set (Ntest = 242) using complete data, the
test error using the initial feature set, the test error using the initial features set and
the feature chosen by the top down saliency estimate, the test error using the initial
features and a randomly chosen additional feature and, finally, the test error using the
initial features and as an additional feature, the most informative one according to
mutual information.



Chapter 4

Missing Features Problem

In this Chapter, we analyse the so called missing data problem. We present the main
techniques proposed over years to face this kind of issue, comparing their behaviour
in classification problems. In order to do this, we introduce and exploit a new defini-
tion of efficiency.

The work has been already presented and published in Karadogan et al. (2011a).

4.1 Missing data problem

As we show in the Chapter 3, we model top-down attention as a sequential mea-
surement problem. The top-down attention model is implemented using a generic
Gaussian Discrete mixture model and tested on a missing data classification prob-
lem. Initially, just some feature values are available, but it may be possible to obtain
the others. The job of the model is to suggest the best feature to measure next. In
this case, the dataset used to train the model is complete. But, considering a more
realistic and general situation, holes could be present in the training set as well.
This is what is called in literature missing data problem.
The necessity to deal with this kind of scenario is really common in various studies
and several applications using statistical approaches, such as: psychological and psy-
chometric analyses dealing with surveys without all the requested answers, market
researches exploiting incomplete interviews or medical diagnoses based on partial
accessible information. Audio and video processing, as well, have often to face these
conditions of incompleteness: for example in the reconstruction of degraded audio
and video sequences, in the analysis of images with missing pixels or occlusions
(like in Ahmad and Tresp (1993)), in the manipulation of distorted signals because
of a sensor failure or outliers and so on.

Rubin (1976) introduced a classification of missingness schemes. Following the ex-
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emplification carried out by Schafer and Graham (2002), let us define M as the miss-
ingness of the data set, which can be expressed in different forms (see Schafer and
Graham (2002) for more details). Let us indicate the complete data set as Xfull, the
missing part as Xmiss and the present one as Xpres, so that Xfull = (Xpres, Xmiss).
According to Rubin definition, it is possible, then, to distinguish, basically, between
three big classes:

missing at random (MAR) : if the probability of missingness can depend on any of
the observed variables, but not on the missing ones. This is the most common
case and it also called ignorable non-response.

P (M |Xfull) = P (M |Xpres)

missing completely at random (MCAR) : if the probability of missingness can not
depend on any of the observed variable or on the missing ones. It is a particular
case of the missing at random scheme.

P (M |Xfull) = P (M)

It is equivalent to flipping a coin to determine whether an observation is miss-
ing;

missing not at random (MNAR) : if the probability of missingness can depend on
the missing variables themselves. It is also called non-ignorable non-response;

P (M |Xfull) cannot be simplified

Schafer and Graham (2002) proposed a simple example to elucidate the meaning
of the previous definitions. They consider a scenario in which the systolic blood
pressures of some participants are recorded in January and some of the people are
again called in February for a second reading. The February group could be chosen
randomly: in this case, the data which are not present in February (the pressure of
the subjects who did not participate in the second analysis) are missing completely
at random. In case, instead, the people to be called for performing a new blood test
are chosen on the basis of the previous values of their pressure (maybe just the ones
with a pressure value in the hypertensive range), the data are missing at random, but
not completely at random. There is, in fact, dependence on the previous observed
data. The data are not missing at random, instead, if, for instance, all the subjects are
called to take a new pressure measure, but just the ones who are in the hypertensive
range are registered.
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4.2 Missing data techniques

Roth (1994) and Allison (2001) provided deep reviews about missing data problem,
analysing also weaknesses and strength points of the procedures presented over years
to deal with it. Basically, it is possible to group these techniques in three main cate-
gories:

• deletion methods

• imputation methods

• model-based methods

Deletion methods are so called, because they consider in the analysis only the present
data. The data with missing features are faced following, generally, two possible
strategies: listwise deletion and pairwise deletion. In the first case, the entire data
samples containing the missing input features are ignored (deleted); in the second
one, only the missing features are removed, the other present features in the same
sample are kept and used. As Allison (2001) pointed out, the use of listwise deletion
could discard a huge amount of potentially usable data, but provide good estimates
of standard errors; pairwise deletion, instead, exploits all the available information,
but it makes pretty difficult to obtain accurate standard error estimates.

Imputation methods insert a new value in place of a missing variable, according to
different criteria. The new value could be derived from the values of other variables
in the dataset (regression imputation) or from the estimated distribution of the miss-
ing variable. The reason of this last replacement is founded on “the idea that any
subject in a study sample can be replaced by a new randomly chosen subject from
the same source population”, as reported by Donders et al. (2006). The simplest
imputation method is the mean imputation. It consists of substituting the missing
value of a variable with the mean value of the same variable. This method, in spite of
its simplicity, tends to produce biased estimates, as shown by Haitovsky (1968). In
the hot-deck imputation, instead, a missing value is replaced with a value extracted
by a similar observed sample in the data set. Close to this idea is the principle of
similar response pattern imputation, which consists of identifying the most similar
unit without missing information and replace the missing part with the correspondent
values of this unit.
If each missing instance is replaced with just another value, the procedure is called
single imputation, otherwise, if more values are taken into account, multiple impu-
tation. This procedure, that was firstly introduced by Rubin (1987), makes use of a
Monte Carlo technique, in which many complete imputed data sets are generated and
analysed by standard complete data methods. The results obtained give information
about possible estimates of missing variables.
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In all the imputation methods, as in the pairwise deletion, all the available informa-
tion is considered.

The model-based methods are able to perform directly their analysis on the incom-
plete set, without changing or ignoring part of the available information. Maximum
likelihood (ML) approaches are the most representative in this category. The general
idea is to model the data distribution by the observed values and then to use this distri-
bution for estimating the missing ones. Expectation Maximization procedures (EM)
are often used in this perspective. The underlying principle is to iteratively estimate
the distribution and the missing data, until there convergence in the estimation of the
distribution is reached. Ghahramani and Jordan (1994) and Dempster et al. (1977)
presented two of the most known algorithms for this kind of approach.

4.3 Missing data techniques evaluation

All these techniques have been analysed and tested over the years. Their behaviour
has been checked in different circumstances, dealing with different missingness schemes
and the relative performance evaluated. Roth (1994) provides a qualitative evaluation
of the most common missing data approaches considering scenarios in applied psy-
chology. Allison (2001) analyses advantages and disadvantages of the same methods,
on the basis of three criteria: the capability to minimize bias, maximize the use of
available information and yield good estimates of uncertainty. Different principles
are, instead, used by Schafer and Graham (2002) to investigate and compare the
functioning of the methods. They followed Neyman and Pearson (1933) and Ney-
man (1937), considering bias and mean square error to evaluate the model estimation
accuracy and the trend of the standard error to estimate the margin of the uncertainty.
Myrtveit et al. (2001) studied the behaviour of missing data techniques for software
cost modelling. In this context, listwise deletion is considered the most frequently
utilized. Their work focuses, then, on the possible benefits that could be obtained,
using, rather than it, maximum likelihood, multiple imputation and similar response
pattern imputation approaches. The strategies are compared operating on an ERP
1(Enterprise Resource Planning) dataset.

However, to our knowledge, a standard and general strategy to compare different
missing data techniques and to evaluate their performance have not been proposed
yet. In order to fill the gap, we proposed a specific definition of efficiency which
can be used to analyse how an algorithm operates on data sets in which not all the
information might be present. Specifically, we tested the behaviour of the maximum
likelihood method in Ghahramani and Jordan (1994) (Complete EM), pairwise dele-

1Enterprise Resource Planning (ERP): IT system dedicated for companies and enterprises. For more
information see http://www.systemerp.net/
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tion and mean imputation in a classification problem, using the Gaussian Mixture
Model proposed in Larsen et al. (2002), with different percentage of missing infor-
mation in the training set.
As data have more missing values, the resultant error rate (ER) gets higher due to
lack of information, but the resultant curves are different for different missing data
techniques. Thus, we provide a new definition of efficiency, which is based on a com-
parative analysis of the error rate curve generated by each algorithm. In particular,
the behaviour of each method is evaluated with respect to the performance shown by
listwise deletion. In other words, we calculate how efficient a technique makes use
of data with missing values instead of simply ignoring them.
As seen in Figure 4.1, the definition of efficiency (Eff) we introduce is given by
calculating the area under the reference and actual curves (curves of the technique
investigated), as in Equation (4.1).

Eff % = AR −AA
AR

× 100 (4.1)

Figure 4.1: The illustration for the efficiency calculation method used.

According to this definition, when the actual curve is the same as the reference curve,
the efficiency is 0%, while it is 100%, when it is a horizontal line (the error rate is
not effected as the percentage of missing data changes).
We calculate the efficiency where training data are missing completely at random.
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4.3.1 Modelling Framework

The missing data techniques we want to evaluate are: the maximum likelihood method
proposed in Ghahramani and Jordan (1994) (CEM), the pairwise deletion (PW) and
the mean imputation (MI). In order to do it, we use for the efficiency computation the
Gaussian mixture model (GMM) that is explained and implemented in Larsen et al.
(2002).
Define x as the d-dimensional input feature vector and the associated output, y ∈
{1, 2, · · · , C}, of class labels, assuming C mutually exclusive classes. The joint in-
put/output density is modeled as the Gaussian mixture:

p(y,x|θ) =
K∑
k=1

P (y|k)p(x|k)P (k) (4.2)

p(x|k) = 1√
|2πΣk|

exp
(
−1

2(x− µk)>Σ−1
k (x− µk)

)
(4.3)

where

• K is the number of components,

• p(x|k) are the component Gaussians mixed with the non-negative priors P (k),
such that

∑K
k=1 P (k) = 1

• the class-cluster posteriors P (y|k), such that
∑C
y=1 P (y|k) = 1.

The kth Gaussian component is described by the mean vector µk and the covariance
matrix Σk. θ is the vector of all model parameters,

θ ≡ {P (y|k),µk,Σk, P (k) : ∀k, y}

The joint input/output for each components is assumed to factorized

p(y,x|k) = P (y|k)p(x|k)

The input density associated with Equation (4.2) is given by

p(x|θu) =
C∑
y=1

p(y,x) =
K∑
k=1

p(x|k)P (k),

where
θu ≡ {µk,Σk, P (k) : ∀k, y}

Assuming a 0/1 loss function, the optimal Bayes classification rule is

ŷ = max
y

P (y|x)
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where2

P (y|x) = p(y,x)
p(x) =

K∑
k=1

P (y|k)P (k|x)

with
P (k|x) = p(x|k)P (k)/p(x)

Let us define the data set of labeled examples as Dl = {xn, yn;n = 1, 2, · · · , Nl}.
The negative log-likelihood for the data sets, which are assumed to consist of inde-
pendent examples, is given by

L = − log p(D|θ) = −
∑
n∈Dl

log
K∑
k=1

P (yn|k)p(xn|k)P (k)

The model parameters are estimated with the iterative modified EM algorithm in
Larsen et al. (2002):

1. To initialize the mean (µ0) and covariance (Σ0) matrices, all train data set is
considered as one normal distribution. In the case of missing data, the calcula-
tions are done using only observed data and the Σ0 is regularized (see section
4.3.1). Then, since random points from the distribution can not be taken as
cluster center points because of missing data, we draw L random samples us-
ing the µ0 and Σ0, and get rid of outliers. Instead of taking random center
points from the remaining samples, we use KKZ method assuming the clusters
will be distant from each other, as suggested by Su and Dy (2007). The KKZ
method is as the following:

• The first center point is taken as the sample having the largest L2 norm

• Other center points are calculated as having the largest distance to the
closest center points

2. Compute posterior component probability for all n ∈ Dl:

p(k|yn,xn) = P (yn|k)p(xn|k)P (k)∑
k P (yn|k)p(xn|k)P (k) . (4.4)

3. For all k, update mean vectors and covariance matrices:

µk =

∑
n∈Dl

xnP (k|yn,xn)∑
n∈Dl

P (k|yn,xn)
, Σk =

∑
n∈Dl

SknP (k|yn,xn)∑
n∈Dl

P (k|yn,xn)

where Skn = (xn − µk)(xn − µk)>.
2The dependence on θ is omitted.
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4. For all k, update cluster priors and class cluster posteriors:

P (k) =

∑
n∈Dl

P (k|yn,xn)

Nl
, P (y|k) =

∑
n∈Dl

δynP (k|yn,xn)∑
n∈Dl

P (k|yn,xn)

Pairwise Deletion

To implement the pairwise method, the only difference made on the model we just
described, is the update of posterior input density p(xn|k), the mean vector µk and
covariance matrix Σk. To update those, observed data for each variable or pair of
variables are used.
However, the estimated covariance matrix is unbiased and is not guaranteed to be
positive semi definite. We implement a commonly used approach, given by Schneider
(2001) to regularize the covariance matrix. The approach consists of inflating the
diagonal elements by the factor (1 + h) as in Equation (4.5):

Σ′ = Σ + hI (4.5)

where I is the identity matrix and h is a regularization parameter. h is determined in
the following way:

Σ′ = Σ + hI = V UV −1 + hV V −1 = V (hI + U)V −1 (4.6)

where V UV −1 is the eigenvalue decomposition of the covariance matrix Σ, where
V is the square matrix whose ith column is the eigenvector qi of Σ and U is the
diagonal matrix whose diagonal elements are the corresponding eigenvalues. Then,
we choose h such that (h + U) > 0 to have nonnegative eigenvalues in regularized
covariance matrix.

Mean Imputation

Mean imputation method is a replacement technique where a missing variable is re-
placed by the corresponding mean value. The model we use is not effected in this
method, since we have complete data after imputation. This method keeps all data,
and is easy to implement. However, the variance estimates are lessened as more
means are added.

Complete Expectation Maximization

This method is a maximum likelihood missing data technique that is proposed in
Ghahramani and Jordan (1994). EM is used both for the estimation of model compo-
nents and for dealing with missing data. Posterior component probability, p(k|yn,xn)
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is again calculated as in Equation (4.4), but only on observed dimensions. To update
the mean vector, E[xmn |xon] is substituted for missing components of xn, and to up-
date the covariance matrix, E[xmn xm

T

n |xon] is substituted for outer product matrices
containing missing components:

E[xmn |xon] = µmn + Σmo
n Σoo−1

n (xon − µon),

E[xmn xm
>

n |xon] = Σmm
n −Σmo

n Σoo−1
n ΣmoT

n + E[xmn |xon]E[xmn |xon]>.

4.3.2 Experimental Evaluations

As we already mentioned, we carried out some experiments, using MATLAB, for
the efficiency computation of missing data techniques on synthetically generated
data and two datasets from the UCI archive: Iris and Pima-Indian-Diabetes (Frank
and Asuncion (2010)). The missing data percentage (MDP) is determined randomly
(MCAR). The experiment is done in such that not all values can be missing in one
observation (if all data in all directions are missing it would be equal to deleting it,
so reducing training data as in our reference method).
We experiment how the misclassification rate (MR) changes with MDP and calculate
the efficiency, according to Eq. (4.1), using those results for different MDP values.
In particular, we made 100 iterations for each experiment, while changing MDP be-
tween 0% and 70%. We carry out experiments in two cases:

case 1 : the test dataset also have missing values with same MDP as for training.
The aim is to check how robust the estimated model is to missing data.

case 2 : the test data are complete. The aim is to investigate how well the model is
estimated, in spite of the missingness in the training.

Synthetic Dataset

The algorithms were tested on synthetic data. The multidimensional input data are
generated by a Gaussian mixture model. The number of mixtures K, is 3. The
difficulty of the problem is determined using the SNR calculation.
Let dskl be the distance between µk and µl, eigk be a vector consisting of eigenvalues
of Σk and mean() be the arithmetic mean operator, then

SNRdB = 10 log
(

(mean(
∑

1≤k≤K,k≤l≤K dskl))2

mean(
∑

1≤k≤K mean(eigk))

)

We use SNR of 10 dB, for a 10 dimensional data. 150 observations are generated
for both training and test sets. Figure 4.2 shows the first three principal components
plotted against each other for data used for this work.
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Figure 4.2: The principal components (PCs) plot for the data generated with 3 dif-
ferent classes.

Figure 4.3: The results for synthetically generated data. Test set with missing (in-
complete) data. MR plot against MDP.

The Figures 4.3, 4.4, 4.5 and 4.6 show the results for synthetic data generated. In case
1, CEM is the most efficient method, however, PW is competitive to it. CEM gives
an efficiency of 40%, even at MDP of 70%. MI is clearly the worst method in terms
of efficiency. The efficiency of MI decreases as MDP gets higher, while CEM and
PW give more stable efficiency results. In case 2, results are similar and still CEM is
the best. While MI performs better compared to case 1, CEM is slightly worse.

Iris Dataset

Iris dataset is one of the most commonly used datasets in machine learning literature.
It consists of 3 classes of 50 instances each referring to a type of iris plant with
4 attributes. One class is linearly separable from the others; the other two are not
linearly separable from each other.
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Figure 4.4: The results for synthetically generated data. Test set with full (complete)
data. MR plot against MDP.

Figure 4.5: The results for synthetically generated data. Test set with missing (in-
complete) data. Eff plot against MR

Figure 4.6: The results for synthetically generated data. Test set with full (complete)
data. Eff plot against MR
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Figure 4.7: The results for Iris dataset. Test set with missing (incomplete) data. MR
plot against MDP.

Figure 4.8: The results for Iris dataset. Test set with full (complete) data. MR plot
against MDP.

We used 100 instances for train and 50 instances for test sets.
We show the results for this dataset in Figures 4.7, 4.8, 4.9 and 4.10. In case 1, CEM
is still the most efficient method, MI and PW show a similar behaviour. CEM gives
an efficiency of 70%, even at MDP of 70%. In case 2, PW is worse than MI and CEM
is still the best method. Compared to case 1, the efficiency of CEM and PW is lower
while the efficiency of MI is higher.

Pima Indians Diabetes Dataset

Pima Indians Diabetes Dataset contains 2 classes that are diabetes positive or negative
with 7 attributes (for more details, see Section 3.3.2).
We use 200 instances for train and 200 instances for test sets.
The results are shown in Figures 4.11, 4.12, 4.13 and 4.14. Both in case 1 and case
2, CEM overcomes other two methods, whereas PW and MI give similar results.
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Figure 4.9: The results for Iris dataset. Test set with missing (incomplete) data. Eff
plot against MR

Figure 4.10: The results for Iris dataset. Test set with full (complete) data. Eff plot
against MR
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Figure 4.11: The results for Pima Indians Diabetes. Test set with missing (incom-
plete) data. MR plot against MDP.

Figure 4.12: The results for Pima Indians Diabetes. Test set with full (complete)
data. MR plot against MDP.

The efficiency of CEM at MDP of 70% is around 20%, not as high as other datasets,
but still giving the highest performance.

General Discussion

We observe that, generally CEM is the most efficient missing data method, while PW
is worse than CEM, but still slightly better than MI especially for high MDP val-
ues. The results coincide with previous work, such as the ones of Allison (2001)and
Newman (2003). In Allison (2001), where, as we already mentioned in Section 4.3,
they compare missing data methods using different criteria (the capability to min-
imize bias, maximize the use of available information and yield good estimates of
uncertainty), ML methods are found to be the best. In Newman (2003), where they
compare six different methods including PW and EM methods, the results again sup-
port ML approaches.
Although CEM and PW perform well for both cases we experimented, we observe
that they are more efficient to use when test data set also has missing values. MI is
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Figure 4.13: The results for Pima Indians Diabetes. Test set with missing (incom-
plete) data. Eff plot against MR

Figure 4.14: The results for Pima Indians Diabetes. Test set with full (complete)
data. Eff plot against MR



64 CHAPTER 4. MISSING FEATURES PROBLEM

more efficient to use when we have a complete test data set. Thus, MI is better at
estimating the model, but the estimated model is not that robust to missing data in
test set, and vice versa for CEM.
Another observation made from the results is that CEM and PW give more stable
results for higher MDP values, so it would be more reliable to use them in situations
where MDP for test set is undetermined. Although MI turned out to be the least effi-
cient approach, it would still be acceptable to use it especially for low MDP values,
since it is very easy to implement and clearly computationally less expensive.
In conclusion, even if CEM is the most efficient method, according to the definition
of efficiency given in Eq. 4.1, there are situations in which the use of other techniques
could more advantageous. The best algorithm has, then, to be chosen on the basis of
the particular application and context.



Chapter 5

Top-Down Attention with Features
Missing at Random

In this Chapter, we show the robustness of the top-down model exposed in Chapter 3
to missing data. In particular, we test the behaviour of the model on a classification
problem in which features might be missing completely at random also in the training
set to simulate a more realistic scenario.

The work has been already presented and published in Karadogan et al. (2011b).

5.1 Top-down attention model robustness to missing data

As we already mentioned in Chapter 3, the top-down model we propose works in an
environment in which just some features are available and we want to know what is
the next measurement to perform, among all those possible, for obtaining as much
information as we can to execute a task. The situation is simulated on a classification
problem, using a Gaussian mixture model in which the test dataset has some missing
features. However, in that case, the training set we used for generating the model was
complete. Now we test the behaviour of this attentive system in case of missing data
also in the training set.
Considering the results obtained and discussed in the previous Chapter, we decided to
use the maximum likelihood technique proposed in Ghahramani and Jordan (1994).
This method, in fact, is the most efficient both in cases of complete and with missing
data test sets.
The aim is to check the robustness of the model to missing data and, consequently,
its behaviour in a more realistic scenario.
Since, we want to reduce the error rate of an ensuing decision classification problem
making use of our attention model, we evaluate its robustness again by the misclas-
sification rates on test data, after having trained the model with different amount of
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incompleteness.
The analysis is performed on synthetic data with known distributional properties that
conform with the model and the Yeast dataset (for more details, see section 3.3.2).
The results obtained show that, exploiting our strategy, misclassification rate is still
lower choosing the new measurement on the basis of the information value provided
by the entropy computation, than randomly.

5.2 Experimental Evaluation

The evaluation of the model is implemented carrying out experiments in MATLAB.
The Gaussian mixture model is trained and initialized as explained in Section 4.3.1
with a multi-start procedure with 5 different initializations, and 250 iterations. We
first simulate an incomplete measurement situation on Ntrain and Ntest data points.
Data are missing completely at random with different missing data percentages. The
randomization is done in such that not all values can be missing in one observation:
one feature per observation is kept present randomly (see section 4.3.2). We test the
performance either choosing the next feature to be measured with highest saliency or
randomly and compare with classifiers, one trained with full data and the other with
the original missing data we have.

5.2.1 Synthetic Dataset

Synthetic data are generated by a Gaussian mixture model. The number of mixtures
K, is 3, and the number of dimensions D is 10. The difficulty of the problem is
determined with the SNR calculation in Equation (4.3.2).
Figure 5.1 shows the illustration of our SNR calculation for a 2D data with 3 clusters.
If we formulate that SNR calculation example according to the equation above,then
we have:

SNRdB = 10 log
(

ds2
12 + ds2

13 + ds2
23

(a2
1 + b2

1)/2 + (a2
2 + b2

2)/2 + (a2
3 + b2

3)/2

)
We want to investigate how well the attention model performs for problems with
different complexities. Thus, Ntrain = 1500 and Ntest = 300 observations are
generated for training and test sets respectively. For all situations, we train the model
with missing data (MCAR).
We check the performance in the interval from 40% to 70%. The baseline error rate
is 66% and the trained models with missing data have error rates between 2% and
15% based on complete test measurements. An SNR of 10 dB is used.
We want to investigate how well the attention model performs for problems with
different complexities. Thus, we change the difficulty of the problem by generating
data with different SNRs: the higher the SNR the easier the problem. Figure 5.2
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Figure 5.1: The illustration of SNR calculation for a 2D data with 3 clusters

shows the first three principal components plotted against each other for this dataset,
for 15 dB and 5 dB of SNRs as an example.
With the same goal, we design the data set such that all features are equally important.
We measure the mutual information between each input feature and the class label.
We useed a permutation test (Nresamples = 200) to test the mutual information against
a null hypothesis of no mutual information. Mutual information is recorded if the null
is rejected with p > 0.01. We found that all features are informative as expected (see
Figure 5.3 (b)).
Figure 5.3 (c) shows the frequency of which features are selected with the attention
model. Also in this case, characterized by having missing data in the training set, we
observe that the frequencies are not simply given by the mutual information. This
result underlines again the need for an attention model.
In addition, we observe that the feature saliency depends on the class label as well
(see Figure 5.3 (d)).
Figure 5.3 (a) shows the error rates for the different methods for variable SNR. We
tested with missing data and full data where all features are available. We compared
the performances of those to the cases in which we test with missing data with one
additional feature chosen randomly or using the attention model. As expected, we
reduce the error rate adding one feature randomly or with attention model.
However, the top-down attention model outperforms the random saliency model for
all MDPs being closer to the full data error rate.
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(a)

(b)

Figure 5.2: The principal components (PCs) plot for the data generated, with SNR
of 15 dB (top) and 5 dB (bottom).

The results given by testing with different SNR values show that the attention model
is less effective for more difficult problems, as illustrated in Figure 5.4.

5.2.2 The Yeast Dataset

The Yeast data set used for the analysis of our top-down attention model concerns
determination of protein cellular localization sites, as explained in Section 3.3.2.
We select a subset associated with two most frequent sequence types CYT (cytoso-
lic/cytoskeletal 463 examples) and NUC (nuclear, 429 examples) in SWISS-PROT
database reducing the classification problem to a binary decision. We have a training
set with (Ntrain = 630) and a test set (Ntest = 262) samples. We train the Gaussian
Discrete model with K = 11.
The baseline error rate is 50% and the trained models with missing data give error
rates around 40% based on complete test measurements. This is a noisier decision
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(a)

(b) (c)

(d)

Figure 5.3: Synthetic data. Ten input features are considered. Train and test data are
missing completely at random (MCAR). (a) For different missing data percentages,
the misclassification error rates for the test set where data are MCAR (Missing), all
missing features are added (Full), one random feature is added among missing (Ran-
dom) and one feature is added among missing using the attention model (Attention).
(b) The log2 mutual information between features and class label. (c) Frequency of
selection of additional features with attention model. (d) Frequency of selection of
features within the three classes.
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Figure 5.4: The result for syhthetic dataset created with different SNRs. The easier
the problem (higher SNR), the stronger the effect of our attention modeling

problem than the synthetic one.
Unlike the synthetic data, not all features are informative, while features (1,8) are the
most informative ones (see Figure 5.5 (b)). Even if there are similarities between the
mutual information and the selection of features with attention model (see Figure 5.5
(b) and (c)) (feature 8 is the most informative and the most frequently selected), we
observe the features that are not informative are selected quite often as well. This re-
sult again underlines the need for an attention model that combine the available data
and the task.
The saliency of the features depends on the class label like in synthetic data (see Fig-
ure 5.5 (d)). Figure 5.5 (a) shows the error rates for MDP of 50% (not all MDPs
were convenient to use, too few or too much data problem) for the same situations as
explained for synthetic data (data are MCAR, full, missing with added feature ran-
domly or with attention model). The attention model performs better than choosing
a random feature to be measured.

5.3 General Discussion

The results obtained showed that the top-down attention model we propose outper-
formes simple random attention, even with missing data in the training set. Moreover,
the investigation about the dependency of the method to the complexity of the prob-
lem (problems with different SNRs and different missing data percentages), proved
that the potential of the method is greatest for easy problems with higher missing data
rate (the complexity of the problem should be analyzed to decide for the convenience
of the use of the method).



5.3. GENERAL DISCUSSION 71

(a)

(b) (c)

(d)

Figure 5.5: Yeast data. Eight input features are considered. Train and test data are
missing completely at random (MCAR). (a) For 50% of missing data percentage ,
the misclassification error rates for the test set where data are MCAR (Missing), all
missing features are added (Full), one random feature is added among missing (Ran-
dom) and one feature is added among missing using the attention model (Attention).
(b) The log2 mutual information between features and class label. (c) Frequency of
selection of additional features with attention model. (d) Frequency of selection of
features within the two classes.
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Part III

Cherry’s Experiments Remake:
the Role of Top-Down Attention
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Chapter 6

Cocktail Party Problem

In this Chapter, we investigate the so called Cocktail Party Problem, analysing some
of the computational techniques proposed so far to deal with it. We also face the hu-
man ability to operate in such a scenario and the various factors which can influence
this ability.

The work has been already presented in Marchegiani et al. (2011).

6.1 Cocktail Party Problem and Source Separation

The cocktail party is an often used analogy in machine learning and signal process-
ing, referring to the situation in which multiple signals are mixed and the aim is to
separate these, or to recover at least one of the signals in the mixture. In many appli-
cations, in fact, the necessity to operate in environments without noise and in which
it is possible to distinguish between the different signals present at the same time,
represents, generally, one of the preliminary challenges to be confronted.
Many areas have to face this kind of problem: biomedical signals have to be extracted
and refined before being used, the performance of telecommunication systems de-
pend also on their ability of “cleaning” the transmitted information. Astronomical
data and satellite images are investigated through a multispectral analysis, which
considers each pixel value as a mixture of different sources (Nuzillard and Bijaoui
(2000)). In the transcription of multi-speaker conferences, meetings, seminars and
in dialogue systems of robots operating in complex acoustic scenes, the automatic
speech recognition procedure needs to isolate the voice of interest within the other
sounds and voices around and to track it, to be able to recognize the words pro-
nounced, as shown e.g. by Choi et al. (2002).
In the last decades, several techniques have been introduced to handle these scenarios,
but a complete and general solution is not available yet. Most of the general meth-
ods use low level statistical properties of the signals, such as independence, or other
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simple distributional assumptions. Independent component analysis (ICA), which is
one of most used methods in this context, for example, assumes the mixture to be a
linear combination of the signals (Hyvarinen et al. (2001). Moreover, this method has
other strong limitations, requiring particular constraints to be satisfied to execute the
separation between the various sounds. For example, ICA needs as many recording
channels as there are speakers (Stone (2004)).
For a more complete review about source separation methods, see Pedersen et al.
(2007).

6.2 Masking and Human separation ability

Many studies show that, in the case of audio mixtures, human beings are very effi-
cient cocktail party solvers, performing the source separation process quite easily, as
demonstrated in the famous experiments carried out by Cherry (1953) almost sixty
years ago.
Several investigations have been conducted over the years to discover which char-
acteristics of the auditory scene could help the segregation process of a mixture of
stimuli and in which way they can influence each other and the human ability to dis-
criminate within the different signals. Almost all these experiments make use of pure
tones (see Bregman (1994)), manipulated to test the subjects’ reactions. But there are
also cases in which human reactions are evaluated in situations with different people
talking at the same time (see Bregman (1994), Moore and Gockel (2002) and Drull-
man and Bronkhorst (2000) among others).
In such a scenario, the separation between the sounds seems to be more complicated
when the voices are of the same gender, as suggested by Drullman and Bronkhorst
(2000), when they are emitted from close positions in the scene, when there is not
enough difference in their fundamental frequency, in their phase spectrum or in their
intensity, as described by Moore and Gockel (2002). Moreover, also the vocal tract
size, accent or other prosodic features can change the complexity of the grouping
of signals belonging to the same stream (coming from the same acoustic source), as
demonstrated by Bregman (1994).
For a more complete review, see Bronkhorst (2000) and the more recent Bee and
Micheyl (2008).

The studies performed by Bregman (1994), Cusack et al. (2004) and Carlyon et al.
(2001) proved that the way in which stimuli are perceived as part of the same audio
flow, and the proficiency in selecting just one of these flows and understanding its
content, is widely affected by attention, both on a bottom-up and a top-down per-
spective. It should also be considered that, in fact, the segregation ability is a learned
skill, that is improved by experience (top-down). But the same Bregman suggested
that there are, in any case, physical factors, working on the more primitive auditory
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processes, able, in particular conditions, strongly influence the behaviour of the at-
tentive mechanisms (bottom-up).

Brungart (2001) investigated how masking 1 effects operate in the perception of
multiple talkers and made a distinction between energetic and informational mask-
ing:“Traditional energetic masking occurs when both utterances contain energy in
the same critical bands at the same time and portions of one or both of the speech
signals are rendered inaudible at the periphery. Higher-level informational masking
occurs when the signal and masker are both audible but the listener is unable to dis-
entangle the elements of the target signal from a similar-sounding distracter”.
Both kinds of masking act simultaneously. Thanks to his experiments, he demon-
strated that human ability to discriminate between the contemporaneous speech of
two talkers is more influenced by informational masking than energetic masking.
Thus, the voice characteristics are crucial for the segregation procedure.

1In psychoacoustics masking refers to the effect that one signal prohibits the other from being de-
tected.
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Chapter 7

The effect of a task in the Cocktail
Party Problem

In this Chapter, we show the effect of a task in the Cocktail Party Problem. In order to
do this, we test the behaviour of our top-down attention model, illustrated in Chapter
3, in such a scenario. Moreover, we discuss the results provided by behavioural ex-
periments, which are designed revisiting the ones performed by Cherry (1953). The
aim of the experiments is to investigate how human auditory perception and, in par-
ticular, speech intelligibility can be affected by the presence of a task in a cocktail
party simulation.

The work has been already presented in Marchegiani et al. (2011).

7.1 Weak and Strong Top-Down Attention

In order to analyse the way in which the top-down attention model proposed in Chap-
ter 3 works in presence of a task and the way in which its behaviour could be, con-
sequently, influenced by the task itself, we introduce the concept of weak and strong
top-down attention. By weak it is meant that the p(y|k) table (see Equation (3.6))
has been smoothed and that the attention mechanism is stochastic determined by the
top-down mechanism; the strong one corresponds to the original model. The first
case represents the absence of the task, the second one the opposite situation.
To simulate strong and weak top-down attention we augment the model by smoothing
the label-component table

p(y|k)→ p(y|k, β) = p(y|k)β∑
c p(y|k)β
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and by letting the attention selection be stochastic based on the expected gains, i.e.,
we select attention using the induced probability distribution:

P (j) = exp(γGj)∑
j exp(γGj′)

(7.1)

Task-driven top-down attention as in Hansen et al. (2011) is obtained when β =
1, γ =∞. In this work we use β = 0.2, γ = 0.33.

The aim is to use our top-down attention model to make predictions about the influ-
ence of confounders on task labeling performance, in both strongly task dependent
attention and under weakened task influence.

7.1.1 Experimental Evaluation

We challenge the strong and weak top-down attention models by a simulated cocktail
party scenario by confounding the input of test data for a C = 2 environment. In
other words, we simulate a situation in which a signal is masked by another overlap-
ping signal.
In particular, we mix for each pattern a fraction f (mixing fraction) of the input
features with a randomly chosen input feature vector from the opposite class (con-
founder):

overlapped signal = (1− f) ∗ input signal + f ∗ confounder

The C = 2 simulated decision problem is based on a four component Gaussian mix-
ture. The resulting configuration is first established in two dimensions and resembles
the well-known XOR-problem, hence can not be separated linearly. The two dimen-
sional input space is augmented by six noise dimensions SNR ≈ 1, so that the total
input dimension is eight. In the attention experiments one signal dimension and one
noise dimension is provided as ’gist’ (Torralba et al. (2006)).
For a range of mixing fractions f ∈ [0.0 0.2], we measure the resulting error rates
for the models using the attention mechanism to select an additional feature among
the six remaining after having provided the 2-dimensional gist.
The strong and weak top-down attention response is shown in figure 7.1. The rates
are represented as relative excess errors:

E(f)− E(0)
B − E(0)

where B = 0.5 is the baseline error rate. The error rate of the top-down attention
model is EDIR(0) = 0.08 while the error rate of the weak attention is EUNDIR(0) =
0.23.
We use DIR to indicate the strong attention, because we refer to the case of Directed
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attention, in which attention is addressed by a task. We use UNDIR to indicate the
weak attention, referring to the opposite case: Undirected attention.
The experiment indicates that strong top-down attention model (DIR) is less sensitive
to the confounding mixture than the weak attention model, hence it will make more
informed decisions in the cocktail party.

Figure 7.1: The resulting error rates for the models using the attention mechanism
to select an additional feature among the six remaining after having provided the
2-dimensional gist for a range of mixing fractions f ∈ [0.0 0.2].

7.2 Cherry’s Experiments Remake

While it is not possible to directly read out the information flows in the human brain
while solving a difficult speech separation task, some insight can be obtained by ob-
serving the macroscopic behaviour. Thus, in order to better understand the influence
of top-down attention cues on human auditory perception in a cocktail party prob-
lem and how these cues may modulate informational masking effects, we designed
behavioural experiments inspired by the pioneering work of Cherry (1953). We re-
turn to his basic experimental setup, i.e., a listening experiment in which we analyse
participants’ ability to hear individual naturally sounding speech signals in a mixture
with reduced spatial and speaker cues.
Basically, we design a hard cocktail party problem by reducing conventional auditory
cues, as described above, leaving only high-level cognitive cues, such as semantic
and context representation in narratives. Cherry alluded to these high-level represen-
tations as what he called word transition probabilities.
Our hypothesis is that these representations precisely are subject to top-down atten-
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tion, while the more basic cues could be more automatic and operate beyond con-
scious control.
In particular, in order to simulate a cocktail party scenario,we present the audio signal
to the listener as a monaural mixture of two different narratives uttered by a speech
synthesizer (TTS projects at AT&T Labs - Research, see Beutnagel et al. (1999)),
using the same virtual speaker. In this way, there are no cues to separation due to a
different spatial location of the sound sources, to a different accent or to a different
gender of the speaker.
The speech synthesizer we used produces prosodic speech which also provides a cue
to stream separation and tracking, as exposed in Syrdal and Kim (2008). Moreover,
Jilka et al. (2003) illustrated that the introduction of this kind of voice modifications
affects the quality of the TTS and the perception of the sound it generates. However,
we expect these differences to be much less incisive and forceful compared to con-
ventional human speech.
Same considerations can be made about the loudness of the two sounds. We checked
the energies of the signals and, as expected, even if there are little changes word by
word, totally there is not much difference between them and the effect can be disre-
garded.
For the sake of reducing basic semantic masking effects we opt for narratives with
little expected interest to the listeners. Specifically, we chose excerpts from neutral
texts used in preparation for the TOEFL (Test of English as a Foreign Language) test
in Phillips (2006). These texts are more coherent and naturally sounding than the
short command sentences exploited in Brungart (2001).
We use two different pairs of stories for each kind of experiment, making little
changes (removing or adding sentences or words, switching the order of some sen-
tences or words) to the original ones. This is necessary to have stories with the same
length and in which pauses are synchronized as much as possible, to avoid the so
called “listening in the gaps” effect, described by Bregman (1994) and by Bronkhorst
(2000). If there is a pause just in one of the stories, in fact, the listener takes advan-
tage of it, giving all his/her attention to the other one and then, even if he/she wanted
to switch to the other story, it would need time and it could make the subject miss
some words, in any case. This happens, because even short gaps or short changes of
attention could influence the perceptual grouping of a set of signals, resetting all the
process, as Cusack et al. (2004) proved in their investigations.

7.2.1 The effect of a task on speech intelligibility

Following the design illustrated in the previous section and in analogy to the simu-
lation discussed in Section 7.1, we performed two different kinds of experiments to
explore the impact of energetic masking on the speech intelligibility of a complex
audio signal.
In the first kind of experiments (we call it undirected attention experiments (UNDIR)),
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the subjects do not have any task (they can follow any of the stories), while, in the
second case (directed attention experiments (DIR)), they are asked to follow just one
of the two stories (the choice about which of them is left to the subject), so that it
could be possible to understand how attentive mechanisms (paying attention to just
one of the stories) can behave and interfere with the pure energetic masking.
We use two different narratives for each experiment. The relative texts are reported
below:

First Story: The giant panda still lives in the wild in only a few mountain ranges in
the southwestern part of China because its survival has been threatened. both
by hunters and by the destruction of the habitat it needs to survive. What has
been noted and stressed in the last few decades is that the pandas survival is
also threatened by the reproduction cycles of the bamboo where the pandas
live. Here‘s what the problem is. It is the main source of food for the giant
panda. However, when there’s a massive reproduction of the bamboo, the one
that has just reproduced dies, so there’s a lag of quite a few years before the
new, young seedlings grow enough to provide food. If the bamboo where the
giant pandas living dies, then the giant panda needs to move to new areas to
find food. The search for food has led the giant panda into areas, that are more
settled and more full of danger.

Second Story: Conifers are hardy trees that have been able to live long, so, as a
result, both the oldest and the biggest trees in the world belong to the conifer
family. The oldest known tree is located in east California. That tree is a four
thousand years old bristlecone pine. The giant redwoods, in California, are the
largest and oldest trees; they can be several hundred feet tall with a weight of
two thousand tons. An interesting note about the giant redwoods is that, even
though the trees are so big and tall, they have small cones. They are evergreens
with short and spiky leaves. The needle-like shape of Conifer leaves evolved
as a reaction to drought and aridity. When compared with a flat leaf, a needle
presents a much smaller surface area. Most conifers are evergreens. They lose
and replace their needles throughout the year, rather than shedding all their
leaves in one season.

In both kinds of experiments, in order to understand and measure what and how much
of the narratives subjects could hear, we present them a list of terms and ask to check
which terms they have heard. The list contains words which are actually in the stories
and words that are not, but that are related to the content of the stories (see Table 7.1).
In this way, we can understand if they report what they really have heard or if they
try to guess, after getting the topics.
The words in the list can appear various numbers of times in the narratives, but we
tried to balance this number, in total, for both tracks. In particular, the total number
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of occurrences of all the words we ask for is the same in both stories. Moreover, we
aimed to balance the frequency of each word in the list; which means, for example,
that if there are two words in the list, appearing respectively, three and five times in
the first story, there are also two words appearing three and five times in the second
one.
The list of words contains 48 words: 24 of these are truly present in the audio signal
and each story contains the half of them. We do not put in the list words able to attract
attention, due to the particular way in which the speech synthesizer pronounces them.
In the UNDIR case, we analyse just 22 of the 24 words, since 2 are replaced by new
words in different trials to improve the balance of the stories.

List of the words
Agriculture Chlorophyl Food

Fiber Species Rare
Die Oldest Reproduce

Family Wood Fur
River Zoo Bamboo

Ecological Threaten Conifer
Niddle Stem Green

Destruction Northern Farming
Attack Tall Root
Survive Shape Big
Problem Source Extinct

Asia Flower Mountain
Pollen Fungi Tree

Hundred Eyes Bear
Plant California Vegetable
Black China Panda

Table 7.1: List of the words used to check which story grabs more subjects’ attention
at particular moments. The words in green are the words truly present in the story;
the ones in red are not in any of the narratives.
The order according to which the words appear in the list is randomly generated.

Cherry made his participants listen as many times as they wanted; we performed three
different trials (4 people for each trial). In the first and in the second one, we made
our subjects listen just once and then we asked for the words and they repeatead
the same process three times. In the third one, we made them listen twice and we
asked for the words; afterwards, we made them listen once more and we asked for
the words. However, we did not write in the instructions anything about what we
would ask them to do, we just said that, in the end, there would be questions about
what they had just listened to.
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Our subjects were twelve people among whom were master students, PhD students
and post-docs from the Technical University of Denmark. Two participants were not
able to accomplish any of the experiments and were excluded.
The behavioural experiments were carried out using a GUI implemented in Java,
while the results were analysed using MATLAB.

7.2.2 Temporal and Spectral Overlap

To test the relative influence of top-down and bottom-up information flow on atten-
tion and masking (and, consequently, speech intelligibility) we give a new definition
of overlap, based on the so-called ideal binary mask (IBM), which has been attributed
as the goal of computational auditory scene analysis (CASA) that studies perceptual
audition (see Wang (2005)). An IBM consists of zeros and ones where ones repre-
sent the powerful parts of the target audio signal compared to an interference audio
signal. Being attributed as the goal of CASA is not the only reason making IBMs a
reasonable tool for us to compute overlaps. IBMs have also been shown to improve
human speech intelligibility when applied to noisy speech signals. The subjects have
been exposed to the resynthesized speech signals from the IBM gated (segregated)
signal and they recognized words quite well even for a signal-to-noise-ratio (SNR)
as low as -60 dB which corresponds to pure noise (see Wang et al. (2008) and Kjems
et al. (2009)). In addition,the features obtained from IBMs have worked successfully
for an automatic speech recognition (ASR) application by Karadogan et al. (2010).

An ideal binary mask is obtained by comparing the spectrogram of a target sound
signal to that of the interference signal and to keep only the strong time-frequency
regions of it. More specifically, its value is one where the target is stronger than the
interference for a local criterion (LC), and zero elsewhere. The timefrequency (T-F)
representation is obtained by using the model of the human cochlea as the basis for
data representation (see Lyon (1982)).
If T (t, f) and I(t, f) denote the target and interference time-frequency magnitude,
then the IBM is defined as

IBM(t, f) =
{

1, if T (t, f)− I(t, f) > LC

0, otherwise
(7.2)

In Figure 7.2, we show an example of an IBM obtained with a sample sound from
one of the stories (the sound relative to the word ‘navigate’ of the monaural mix-
ture already described) compared to a speech shaped noise (SSN) as the interference
signal. The most energetic parts of the target signal are kept.
We measure the spectral and temporal overlap between two sound signals, specifi-
cally between a word in one of the narratives pronounced by the speech synthesizer
and the corresponding part in the second story.
We define the temporal overlap between them as a percentage of the whole duration
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Figure 7.2: The spectrograms of a target sound signal, the interference signal (SSN)
and the resultant IBM (SNR=0 dB, LC=-4 dB, windows length=20 ms (50% overlap),
frequency channels=32, frequency bins are not equally spaced, gammatone filtering
is used, 1 = black 0 = white).

without silence in the time domain. We use IBMs of the sound signals as mentioned
before and we compress both IBMs over frequency. For a time slot, we assign one if
there is at least one value one on the mask, otherwise zero where zeros are considered
as silence. Then, the temporal overlap is simply the overlap of ones on the masks (see
Figure 7.3).
The spectral overlap is defined similarly based on co-occurrence of signals in the
time-frequency bins. Once we have IBMs for both sound signals, we simply compute
the percentage of the overlapping ones on both masks over the whole time-frequency
bins (see Figure 7.3).

7.2.3 Overlap and Speech Intelligibility

The influence of masking is measured as the correlation between the number of times
specific words are heard (WOH) for both directed and undirected cases and the rela-
tive overlap. IBM control parameters were first chosen taking as references previous
works on speech intelligibility, like the ones performed by Kjems et al. (2009)) and
Karadogan et al. (2010), as a pre-analysis step. In the work of Kjems et al., subjects
listened to IBM-gated (multiplying the spectrogram of a noisy-speech with IBM of
it, and resynthesizing in time domain) and for a range of IBM parameter values, the
best speech intelligibility results (recognizing which word is pronounced) were ob-
tained. In the one of Karadogan et. al., the best performance for an ASR system was
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Figure 7.3: The illustrations of temporal and spectral overlap definitions, the bins
represent time-frequency regions of an IBM (frequency bins are not equally spaced,
gammatone filtering is used). Only black regions represent overlapped parts on (c).

obtained again with same range of values.
However, referenced to those studies, even if those parameters are expected to re-
sult in overlaps closer to what humans perceive, they are not necessarily optimal to
investigate the correlation between overlap and word detection rates. Therefore we
optimized the IBM parameters including the local criteria (LC) with fixed SNR, the
windows length (winLength) and the number of frequency channels (numChan) to
gain the most negative correlation.
We kept other two parameters constant while optimizing one.
With the optimized values, we applied a permutation test with 10000 resamples, at
5% significance level, to validate the results.

The word boundaries were determined manually to be more precise (The limited
number of words enabled us to do so). The sampling frequency of the audio signals
is 16 kHz. We use gammatone filters which is a commonly used model for auditory
filters in the auditory system to obtain IBMs (Johannesma (1972) and De Boer and
De Jongh (1978) and De Boer and Kruidenier (1990)).
Figures 7.4 and 7.5 show the temporal and spectral overlaps for each word, for
UNDIR and DIR cases respectively, using non-optimized parameters from Kjems
et al. (2009) and Karadogan et al. (2010). We observe that the correlation between
overlaps (temporal and spectral) and rate of heard words are -0.35 and -0.31 respec-
tively, in the UNDIR case. While, for DIR case, we find positive correlations of 0.23
for temporal and 0.34 for spectral.
We next optimized the three IBM parameters, LC, WinLength and NumChan, to
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Figure 7.4: Temporal and spectral overlap versus the averaged number of times the
words heard (WOH) for UNDIR case, and the correlation between them shown on
the legend.

Figure 7.5: Temporal and spectral overlap versus the averaged number of times the
words (WOH) heard for DIR case, and the correlation between them shown on the
legend.
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Figure 7.6: Correlation for different LC values, WinLength = 20ms and Num-
Chan=32. Left to right: Undirected and Directed. Top to bottom: Temporal and
Spectral.

produce the most negative correlation between overlaps and words detected. The
resulting figures show that optimal LC values are around -10dB for all cases except
for the spectral overlap in the UNDIR case, which is -14dB (see Figure 7.6). We
also conclude that 20ms is the optimal value for the windows length for all cases
(see Figure 7.7). We see that for the spectral overlap in the DIR case, the correlation
values for WinLength greater than 20ms are not present. This is due to the fact that
with the high optimal value found previously, the resultant IBMs were all zeros (we
did not try to play with the values, because it was already hard to find significant
results for DIR case). Finally, we observe that the optimal values for number of
frequency channels is 16 and 32 (see Figure 7.8).
Using optimal IBM parameters for each case (UNDIR,DIR, temporal and spectral)
we obtain similar results. The correlations between overlaps (temporal and spectral)
and WOH are -0.59 and -0.43 (more negative than not-optimized case) respectively
for UNDIR case. However, for DIR case, they are -0.20 for temporal and -0.03 for
spectral. Even if the results for DIR case also are more negative than not-optimized
case , they are evidently less than those of UNDIR case (almost no correlation for
DIR spectral case).

Finally, we applied a permutation test to these data, as we already mentioned. In
both spectral and temporal overlaps, for UNDIR experiments, under the 5% signifi-
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Figure 7.7: Correlation for different WinLength values, optimal LC for each case and
NumChan = 32. Left to right: Undirected and Directed. Top to bottom: Temporal
and Spectral.)

Figure 7.8: Correlation for different NumChan values, optimal LC and WinLength
for each case. Left to right: Undirected and Directed. Top to bottom: Temporal and
Spectral.)
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cance level, the null hypothesis, that the data is uncorrelated, is rejected (spectral =
3.1% and temporal = 0.07%). In the DIR experiments the null hypothesis is accepted,
indicating the influence of masking is compensated by a more detailed model.

7.2.4 General Discussion

Based on our recent top-down attention model we can simulate the cocktail party
effect. We found that the top-down attention model shows less sensitivity to the
amount of the confounding overlap, than the weak attention model. This indicates
that the top-down mechanism can assist to compensate for structured noise.
In the ’hard cocktail party’ behavioural experiments, we found significant negative
correlations between overlaps of two concurrent sounds and speech intelligibility for
the data collected in the undirected attention experiments (UNDIR, no task). While in
the directed attention experiments (DIR, task-driven) we accepted the no-correlation
null hypothesis, even after careful optimization for correlation, a finding well-aligned
with the simulation result.
We conclude that the relation between energetic masking and speech intelligibility
is modulated by the presence of a task. Based on our top-down attention model, we
expect this to be a special case of a more general phenomenon, namely that the top-
down knowledge can enhance pattern recognition by compensating for noise and the
presence of confounders.
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Chapter 8

The effect of priming in the
Cocktail Party Problem

In this Chapter, we illustrate some experiments, with a close design to the ones de-
scribed in the previous Chapter. The experiments are carried out to analyse the role
of priming on attentive mechanisms in a cocktail party scenario.

8.1 Priming

As shown in some of the experiments described in Chapter 3, a sensorial stimulus
could influence the perception of other stimuli. In cognitive science, this effect is
called priming.
More formally, if a stimulus (prime) precedes another one (probe) and the elaboration
of the second one becomes easier thanks to the elaboration of the first one, this effect
is called positive priming. If, instead, the elaboration of the first stimulus makes the
second elaboration harder, this effect is called negative priming.
This phenomenon can take place even without being aware of it. For instance, in the
investigations performed by MacKay (1973), the words in the supposed neglected ear
determined the meaning of the sentence in the attended one. A similar experiment
was exposed by Friederici et al. (1999), who proved that word recognition can be
facilitated by the presence of a previous word with a close meaning. For example,the
word “doctor” would be more easily identified if the word before this was “nurse” or
something similar to this. In both these cases, the priming acts semantically.
The Stroop effect (Stroop (1992)), instead, can be considered an example of negative
priming. The stimulus given by the meaning of the word, makes slower the identifi-
cation of the color, even operating unconsciously.
Priming can work even between different modalities. Hernandez et al. (1996) anal-
ysed spanish-english bilinguals behaviour, using auditory text with visual target words.

93
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8.2 Effect of Priming in a Cocktail Party Problem

We investigated the effect of priming, as a top-down cue, in a Cocktail Party scenario.
We want to test if previous knowledge about one of the topics of the simultaneous
speeches can affect the distribution of attention. Our hypothesis is that some indi-
cations about the content of one of the streams should help the separation between
the different streams themselves, making it easy to follow the one characterized by
a known topic and keeping the attention on it. In this way, in fact, even if attention
could be grabbed by particular words coming from other sources, recovering and go-
ing back to attend the previous speech, should still be easier.
In order to do this, we carried out experiments close to the ones described in the
Chapter 7.2.4, drawing inspiration from the ones executed by Cherry (1953). In par-
ticular, the design is the same as exposed in Section 7.2. We make subjects listen to a
monaural mixture of two narratives, pronounced by a speech synthesizer (Beutnagel
et al. (1999)), using the same virtual speaker to eliminate eventual speaker and spatial
cues (including the energies of the two speeches). The stories are modified versions
of texts coming from the same book (Phillips (2006)). Also for these experiments,
changes are made to the narratives to avoid the “listening in the gap effect” (see sec-
tion 7.2).

In this case, we performed two different kinds of experiments under the UNDIR con-
ditions (cf. Section 7.2.1): Unprimed experiments (UPex) and Primed Experiments
(Pex).
Our subjects were twelve people among whom were master students, PhD students
and post-docs from the Technical University of Denmark. We made half of them lis-
ten to the combination of two stories, without any priming (Unprimed Experiments)
and we primed the other half by some preliminary information about one of the nar-
ratives (Primed Experiments). In particular, we made them read and then listened to a
short introduction about one of the stories and only afterwards listen to the monaural
mixture.
The text of narratives (used in both cases) and of the priming are reported below:

Priming for the first story: This passage is about how animals like groundhogs and
hedgehogs handle winter and low temperatures. Some animals move south to
warmer weather, that is safer. Some animals increase their activity to stay
warm, and other animals like groundhogs and hedgehogs hibernate during the
cold weather.

First Story: Groundhogs, hedgehogs and bears go into a state of unconsciousness
or semiconsciousness during the cold winter months. The groundhog is one of
the best-known hibernators. It goes into its tunnel four or five feet underground
and it does not come out until spring. A groundhog or a hedgehog stays in its
underground tunnel for the entire cold winter. Because the groundhog hiber-
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nates so completely, it has achieved prominence in our folklore as the animal
that’s responsible for determining winter is over, warm weather and it is safe to
come out of hibernation. If cold winter is over the groundhog will come out of
its tunnel feeling safe, but if winter is going to last for more time the groundhog
will run back into its tunnel. Other animals like bears and squirrels hibernate
in a similar fashion.

Second Story: The Nile river flows north from the equator to empty into the Mediter-
ranean and irrigates more than a million acres of land. Asia also has a massive
river system. The Yangtze River is Asia’s longest at three thousand four hun-
dred and thirty six miles of length. Because the mountains at its source are at
such a high altitude, the Yangtze flows more rapidly than other major rivers for
most of its length. The Amazon River in South America is the world’s second
longest river, but It carries more water than any other. It is slightly shorter
than the Nile. The Mississippi River is the best-known river system in North
America. It is the United States chief inland waterway. However, it is not the
longest river in North America; because the Missouri River is slightly longer
than the Mississipi.

Also in this case, we present them a list of words asking them to report the ones they
have heard. In this way, it is possible to understand if, after priming, people prefer
the first story (the one they are primed on). Again the list consists of 48 words: one
half of these are really present in the stories, the others are not, but they are related to
the content (see Table 8.1). Aagain, we did not put in the list words characterized by
a particular pronunciation. However, none of them are present in the priming.
Again we tried to balance the number of times the words appeared in the stories,
following the same criteria as discussed in the previous Chapter (cf. section 7.2.1).
As in third trial of the experiments described in the previous Chapter, we made sub-
jects listen twice and then asked for the words (first session); afterwards, they listened
once more and we asked for the words (second session). Again, we did not write in
the instructions anything about what we would ask them to do, we just say that, in
the end, there would be questions about what they hade just listened to.
The behavioural experiments are carried out using a GUI implemented in Java, while
the results are analysed using MATLAB.

8.2.1 Preliminary analysis of the results

So far we could just perform a preliminary analysis of the results, which seems to
confirm our hypothesis.
In Figures 8.1 and 8.2 the number of times words from each story were heard by each
subject is shown, in the first and in the second session, respectively, of Unprimed
experiments. In Figures 8.3 and 8.4 the number of times words from each story were
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List of the words
Bear Metabolism Hydropower
Year Mediterranean Feet

System Underground Mountain
Warm-blooded Folklore Chief

Achieve Awake Asia
Month Source Spring

Sea Lemur Inland
Slightly Summer Japan

Marsupial Forest Success
Kilometer Sleep Tunnel

Long Desert Equator
State Shelter Altitude
Time Precipitation Channel
Hot Direction Flood

Responsible Climate Stream
Hundred Fish Consciounsness

Table 8.1: List of the words used to check which story grabbed more subjects’ at-
tention at particular moments. The words in green are the words truly present in the
story; the ones in red are not in any of the narratives. The order according to which
the words appear in the list is randomly generated.

heard by each subject, is shown, in the first and in the second session respectively of
Primed Experiments.

The results show that in the first session of UPex, 40.5% of the words totally heard by
the subjects come from the first story; in the Pex, instead, 50% of the words chosen
come from the first story. Considering the words heard in both sessions, in the Upex
42.8% of the words come from the first story, while in the Pex 55.5%.
In both cases, subjects, provided for priming, followed more the first story. This
proves that priming actually pushes people to attend the narrative they are primed on,
which was our initial hypothesis.

However, these are just some indicative considerations. We plan to carry out other
experiments exploiting more subjects and further investigations to analyse the results
obtained. Moreover, we plan to represent human behaviour in this situation also
through the top-down attention model discussed in Chapter 3.
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Figure 8.1: Results of Unprimed Experiments (Session 1): number of times words
from each story are heard by each subject.

Figure 8.2: Results of Unprimed Experiments (Session 2): number of times words
from each story are heard by each subject.
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Figure 8.3: Results of Primed Experiments (Session 1): number of times words from
each story are heard by each subject. The subjects are primed on the first story.

Figure 8.4: Results of Primed Experiments (Session 2): number of times words from
each story are heard by each subject. The subjects are primed on the first story.
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8.2.2 Counting Experiments: interaction between task and priming

We also tried to investigate the effect of priming in a cocktail party scenario using a
different kind of experiment. The design is the same as the one we just discussed,
but, instead of asking for words heard, we ask the subjects to push a button each
time they heard the word “and” in one of the stories. Thus, again we make subjects
listen to a monarual composition of two different narratives, which are extracts of
texts of the same book (Phillips (2006)). Some changes are made, also in this case,
not to have “listening in the gap effect”(Bregman (1994), Bronkhorst (2000)). The
narratives are uttered by the same speaker of a speech synthesizer (Beutnagel et al.
(1999)). Eventual spatial and speaker cues are removed (for more details, see section
7.2).

In this case, we used four different stories. We made subjects listen to the first two
without giving any task and any priming. Then, we made them listen to other two
giving them a priming about one of the stories.
The narratives we used for the unprimed part are reported below:

First Story: The giant panda still lives in the wild in only a few mountain ranges in
the southwestern part of China because its survival has been threatened both
by hunters and by the destruction of the habitat it needs to survive. What has
been noted and stressed in the last few decades is that the pandas survival is
also threatened by the flowering and seeding cycles of the bamboo where the
pandas live. Here‘s what the problem is. Bamboo is the main source of food
for the giant panda. However, when there’s a massive flowering or seeding of
the bamboo, the bamboo that has just seeded dies, so there’s a lag of quite a
few years before the new, young seedlings grow enough to provide food for the
giant panda. If the bamboo where the giant pandas living dies and then the
giant panda needs to move to new areas to find food. The search for food has
led the giant panda into areas, that are more settled and more full of danger
for the giant panda.

Second Story: Conifers are hardy trees that have been able to survive well, so, as a
result, both the oldest and the biggest trees in the world belong to the conifer
family. The oldest known living tree is located in California. It is a four thou-
sand years old bristlecone pine. The giant redwoods, found in California, are
the largest trees; they can be several hundred feet tall with a weight of two
thousand tons. A really interesting note about the giant redwoods is that, even
though the trees are so big and tall, they have relatively small cones. They
are evergreens with short and spiky leaves. The needle-like shape of Conifer
leaves evolved as a reaction to drought and aridity. When compared with
a flat leaf, a needle presents a much smaller surface area. Most conifers are
evergreens. They lose and replace their needles throughout the year, rather
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than shedding all their leaves in one season.

The narratives and the priming used for the primed part are reported below:

First Story: There are a few points to make about echolocation. Basically echolo-
cation refers to the technique of using echoes to locate, range and identify
whatever is in the surrounding area. The first point is that animals like whales

and dolphins can use echolocation. Some whales have teeth, others don’t,
but it’s only the toothed whales that have this capability and potential. A
whale uses echolocation by sending out clicks, that are reflected back to the
whale after bouncing off objects in the water. So echolocation is actually a
series of clicks sent out by a whale that bounce off objects , then reflected back
to the whale. A whale can learn from these clicks that bounce off an object just
a bit, actually. A whale can learn the size and shape of objects that are out
there. But from the reflected clicks a whale can learn even more, like how far
away the object is, its movements and its speed.

Priming for the second story: Phyllotaxy is a scientific term that refers to the ar-
rangement of leaves on the stem of a plant. On most plants, leaves are ar-
ranged in a definite pattern. It’s very unusual for a plant to have randomly
placed leaves. One of the main reasons why the leaves on a plant stern are ar-
ranged in an orderly way is to ensure that each leaf is exposed to the maximum
amount of light with a minimum amount of interference from other leaves.

Second Story: There are three possible types of leaf arrangement: alternate ar-
rangement, opposite arrangement and whorled arrangement. The first type
of leaf arrangement is the alternate arrangement. In this type of leaf arrange-
ment, there is only one leaf at each node. A node is the spot where the leaf and
flowers are attached to the stem Magnolia. Prunus and Rubus are plants hav-
ing this type of leaf arrangement. In the opposite arrangement, there are two
leaves at each node, opposite each other on the stem. This type of leaf arrange-
ment isn’t as common as the alternate arrangement, with one leaf at each node.
Examples are Acer and Buxus . The last possible type of leaf arrangement is
called whorled arrangement. This type of arrangement is less common than
the opposite and the alternate ones. In this type of arrangement, three or
more leaves are attached to the stalk of the plant at the same node.

Producing natural sounding speech, the speech synthesizer tends to put emphasis on
the words “and” when they connect propositions or verbs. Thus, in order not have
this emphasis, which could attract the attention, distracting the subject, in these ex-
periments, the syntactical structure of the stories has been a bit modified with respect
to the texts above.
The terms “and” are put in particular positions of the texts, distant enough from each
other, so it could be possible, at least, in theory, to pay attention to all of them.
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When subjects push the button, the exact time is registered and later used to deter-
mine which “and” they heard.
Subjects performed the same experiments four times (trials). Each subject executed
both the primed and the unprimed experiments with the narratives reported above.
Some initial results are shown in Figures 8.5 and 8.5.

Figure 8.5: Results of Counting Experiments (Unprimed case): number of times
ANDs from each story are heard by each subject.

The results show that, in the unprimed case, 38% of the identified ANDs comes from
the second story, while, in the Primed case, 46% of the identified ANDs come from
the second story, which is the story they are primed on.
It seems, then, that still priming helps people to pay attention to the story they have
more information about. However, a deeper analysis is necessary exploiting more
subjects and investigating the correlation existing between the effect of the task (look-
ing for ANDs while listening) and the priming.
Also in this case, we want to represent the interaction between these two different
top-down cues in human behaviour through the model discussed in Chapter 3.
Note, finally, that, in the counting experiments the same subjects performed both the
primed and the unprimed experiments using two different pairs of stories, while in
the ones described in section 8.2, half of the subjects performed the Unprimed ones,
the other half the Primed ones and the stories were the same two in both occasions.
The aim is to make the study as much as possible independent on the characteristics
of the stories (content, words) and to the subjects’ interest.
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Figure 8.6: Results of Counting Experiments (Primed case): number of times ANDs
from each story are heard by each subject. The subjects are primed on the second
story.
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Chapter 9

Multimodal Speaker Recognition
in a Conversation Scenario

In this Chapter, we investigate multi-modal perception for a human-robot interaction
purpose. We propose a robotic system that, taking advantage of multiple perceptual
capabilities, actively follows a conversation among several human subjects. The es-
sential idea of our proposal is that the robotic system can dynamically change the
focus of its attention according to visual or audio stimuli to track the current speaker
throughout the conversation and infer his/her identity.

The work has been already presented and published in Marchegiani et al. (2009a),
Marchegiani et al. (2009b) and Marchegiani and Pirri (2009).

9.1 Introduction

Multi-people, multi-modal detection and tracking scenarios have been modelled in
the context of smart rooms (see Pentland (1995) among others), e-learning, meeting
and teleconferencing support, but also in robot-human interface. See Waibel et al.
(2003) for a complete review of technologies for intelligent rooms.
Recently, multi-modal features have been used in domestic environments in order
to annotate people activities for event retrieval by Desilva et al. (2006), perform face
and speech recognition, people tracking, gesture classification and event analysis (e.g.
Reiter et al. (2005)). A conversation scenario has been addressed in Bennewitz et al.
(2005); here a robot interacts with several people performing changes in focus and
showing different emotions.

The mentioned works do no directly address the problem of multi-modal identity
estimation. To fill the gap we introduce a completely new model of a conversation
scenario. We propose a framework for real-time, multi-modal speaker recognition

105
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combining acoustic and visual features to identify and track people taking part to a
conversation. The robot is provided with acoustic and visual perception: a colour
camera and a pair of microphones oriented by a pan tilt unit (see Figure 9.1). The
robot follows a conversation among a number of people turning its head and focusing
its attention on the current speaker, according to visual and audio stimuli.
It tracks the participants exploiting a learning phase to settle both visual-audio de-
scriptors and integration parameters. In particular, four audio and visual descriptors
of features are defined for both real time tracking and identification. Visual and au-
dio identification is obtained by combining the outcome of these descriptors analysis
with a generalised partial linear model (GPLM) (see Müller (2001) and Severini and
Staniswalis (1994)). Finally, the process undergoes a dynamic updating.
People are then identified against a set of individuals whose audio and visual features
are suitably structured in a knowledge base, as prior knowledge.
The proposed scenario is quite general and people can change position, leave or join
the conversation, thus we cannot exploit the current location of the speaker to infer
her identity.

Figure 9.1: On the left: an example of the robot following a conversation in the Lab.
On the right: the robot head with a pair of microphones and a camera oriented by a
pan-tilt unit.

9.2 Data acquisition

The knowledge base is a complex data structure that includes both the voice and vi-
sual features of R subjects, male and female, with R = 30. Each speaker’s voice
is modelled as a Gaussian mixture density (GMM). The models are trained with the
first 18 Mel frequency cepstral coefficients (MFCC) (see section 9.3, Pols (1977) and
Zheng et al. (2001)) of a particular set of part of speech, made up of very short word
utterances of the English phonemes (a single word contains a single phoneme, such
as: put, pet, do, etc.).
These particular utterances allow to collect only a small set of vocal samples per
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speaker (two or three examples for phoneme), rather than a whole conversation. Fur-
thermore experiments prove better performance on short words, in particular when
the system works in real-time and the active speaker has to be recognised by a short
observation sequence.
The j-th phoneme pronounced by the i-th speaker is described by a mono-dimensional
vector of the audio signal, and its relative MFCC by a 18-dimensional matrix Sij for
each utterance.
Given the number of phonemes Nf (in this case 44) and the number R of voice sam-
pled, Si = [Si1Si2...Sij . . . SiNf ], with i = 1, . . . , R and j = 1, . . . , Nf , indicates the
complete features matrix of the speaker i.
Let χ be the number of Gaussian density in the mixture, let ci be the weights compo-
nents of the i-th model, with

∑χ
l=1 cil = 1, and let Σil and µil, l = 1, . . . , χ be the

covariances and the means of each component of the i-th model, each voice model is
completely specified by the parameters, i.e.

λi = (ci1, . . . , ciχ, µi1, . . . , µiχ, Σi1, . . . ,Σiχ) (9.1)

The face appearance features of the R=30 people are coded in 2 coefficient matrices.
Columns of both matrices encode the observations, namely the people features. In
the first matrix, rows encode the Karhunen-Loève coefficient vectors of the eigen-
faces (Turk and Pentland (1991)). In the second matrix, rows encode the values of
the non-parametric 2D face colour density, taken at each bin.

The acquisition process performs, on a continuous loop, the following tasks:

1. tracking people in the field of view over the frame stream, shifting the focus to
include the current speaker into the field of view according to the angle θ (see
Figure 9.2) determined by voice analysis;

2. extracting appearance based features, given the number of people in the current
field of view and an hypothesis on the current speaker, returned by the voice
analysis;

3. collecting the visual and voice descriptors to feed the multi-people identifica-
tion process.

By “field of view”(FOV) we mean the width and the height of the scene that can be
observed with the camera lens. In the following, given our audio set-up allowing only
for horizontal speaker localisation, we refer the term FOV to the interval

FOV = [θ − α, θ + α], with α = tan−1(w/2f) (9.2)

here f is the focal length of the camera, w is the image width and θ is the current pan
angle of the estimated voice source (see Figure 9.2).
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FOV

in which the actual speaker is located every 200 ms and rec-
ognizes him/her identity for each second of the conversation:
in this way, it can simultaneously track and identify the active
speaker in real-time. If the speaker isn’t in its actual field of
view, it rotates the head to follow the new sound source and
includes this in its current field of view.

3 Face visual data acquisition and processing
To accomplish the visual data acquisition task our compu-
tational framework aims at mimicking human capability to
select salient regions through visual attention. The tasks con-
tinuously performed by the robots are the following:

1. tracking people in the field of view over the frame
stream;

2. change the focus of visual attention in order to include
the current speaker into the field of view;

3. extracting appearance based features which feed the
multi-people identification process.

By “field of view”(FOV) we mean the width and the height
of the scene that can be observed with the camera lens. Given
our audio set-up which only allows for horizontal speaker lo-
calisation, in the following, when talking about FOV, we ac-
tually refer to the angle spanning the width w of the image
and computed as

FOV ∈ [CUR− α,CUR + α]

α = 2 tan−1(w/2f)
θ where f is the focal length of the camera and CUR is the
current pan angle.
The pre-processing step involves equalisation and aligning of
face images. For the alignment, we rely on the position of
eyes and mouth: assuming all faces are frontally detected,
the image depicting a face is rotated and scaled in order to
compensate the angle θ formed by the eyes and exhibit a fixed
distance between them, which provides a scale factor s. The
image is rotated by θ and the region of interest is selected
according to s and to a centre (xc, yc) that is computed on
the basis of the distances between eyes and mouth. More
precisely, if we define a = s cos θ and b = s sin θ, the matrix
that maps the original to the transformed image is expressed
by the 2× 3 matrix

T =
(

a b (1− a)xc − byc

−b a bxc + (1− a)yc

)
(10)

Visual features are extracted from the frame sequence and are
used for tracking and identification. As already mentioned
in section ??, the mean shift based tracking algorithm re-
lies on the computation of back-projection images (see sec-
tion ??) from colour histograms. Thus colour is a precious
hint for tracking; moreover, we described how colour is used
for segmentation. According to some evidences from neu-
roscience, colour cues plays a significant role in face recog-
nition by humans. To improve our classifier performances,
we investigated the use of features related to pigmentation,
i.e. a set of surface reflectance properties which have been
extracted from images in the HSV colour space and encoded

in two-dimensional histograms. These features are not robust
against changes in face illumination conditions but turns very
useful especially when shape cues are degraded because of
poor resolution or changes in head orientation. On the other
hand, we encoded face intensity images by the popular eigen-
faces [Turk and Pentland, 1991] approach. A third feature is
a visual measurement of lip movements. Mouth images are
extracted from the normalised intensity images relying on po-
sitions provided by the mouth tracking procedure. A straight-
forward lip movement measure is computed by accumulating
mouth image differences among the last p frames. This sum
of distances is then normalised by the sums computed for the
other subjects in FOV.

Using visual features to detect the speaker among a number
of people participating to the meeting implies detecting and
tracking every mouth over a certain number of frames. The
core of the visual feature extraction task resides in the inte-
gration of the detection and tracking facilities, as shown in
figure 2 by a finite state machine with detection and tracking
states. The system starts with a multi scale face detector that
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Figure 2: Combined face tracking and mouth detection.

is described in section ??; once a face is detected, the face
area is divided in regions of interest on which different de-
tectors are scanned to locate the eyes and the mouth. If these
detections succeed over a number of different frames the sys-
tem enters the tracking state in which the mouth detector is
scanned across a predicted mouth region that is computed
from the previous frame by a face tracker described in sec-
tion ?? using the information extracted in the detection state.
Segmentation of faces is performed through the back-
projection image. As described in the following, a histogram
model of colour is acquired for each subject that is involved in
the conversation for two main purposes: 1) tracking multiple
subjects in presence of changes in head pose and orientation;
2)storing colour-related features that can help to characterise
a subject in our model. In addition, colour histogram are used
to efficiently segment faces through the back-projection. We
chose to compute two dimensional colour histograms in the
HSV colour space. The H and S channels are used and the
histogram bin dimensions are 30 × 32. The back-projection
is an image characterised by the same size of the original im-
age and whose values are set to the number of elements in
the associated histogram bin. the back-projection image can
be conveniently used as a segmentation mask, after thresh-
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is described in section ??; once a face is detected, the face
area is divided in regions of interest on which different de-
tectors are scanned to locate the eyes and the mouth. If these
detections succeed over a number of different frames the sys-
tem enters the tracking state in which the mouth detector is
scanned across a predicted mouth region that is computed
from the previous frame by a face tracker described in sec-
tion ?? using the information extracted in the detection state.
Segmentation of faces is performed through the back-
projection image. As described in the following, a histogram
model of colour is acquired for each subject that is involved in
the conversation for two main purposes: 1) tracking multiple
subjects in presence of changes in head pose and orientation;
2)storing colour-related features that can help to characterise
a subject in our model. In addition, colour histogram are used
to efficiently segment faces through the back-projection. We
chose to compute two dimensional colour histograms in the
HSV colour space. The H and S channels are used and the
histogram bin dimensions are 30 × 32. The back-projection
is an image characterised by the same size of the original im-
age and whose values are set to the number of elements in
the associated histogram bin. the back-projection image can
be conveniently used as a segmentation mask, after thresh-
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Figure 9.2: (a): The concept of the robotic head following the conversation is shown:
pan angles are set according to the direction θ of the estimated voice source, relative
to the zero pan position (the solid arrow). Besides the speaker (bold in the figure),
other subjects are detected in the FOV, spanned by 2α. (b): An other view of the
angles θ and 2α.

9.3 Acoustic scene modelling

In this section we present our approach to locate the active speaker and estimate the
likelihood of the speaker features recorded during the conversation, with respect to
the models created, as described in Section 9.2. The result is an ordered sequence of
voice likelihoods that is suitably combined with the visual features, described in the
next section, to produce the dataset further used to identify the speaker in the scene.
We adopt the real-time algorithm proposed by Murray et al. (2004), based on the
time delay of arrival and the cross-correlation measure to compute, every 200 ms, the
angle θ between the sound source and the robot on the horizon plane.

Each speaker’s voice i is modelled as a GMM λi. Since each voice feature set i cor-
responds to a mixture, we also indicate the speakers with their corresponding voice
model λi.
The GMM are often selected for this kind of tasks, being able to describe a large
class of sample distributions for acoustic classes relative to phonetic events, such as
vowels, nasals or fricatives Reynolds and Rose (1995).
In order to obtain the models, we extract MFCC up to the 18th order from the partic-
ular set of utterances described in the previous section. The mel-frequency cepstrum
coefficients are robust against noise and defined as a cosine transform of the real log-
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Variable Meaning

R
Number of people whose voices and faces

we have sampled. R = 30
Nf Number of phonemes. Nf = 44.
Sij MFCC matrix of phoneme j pronounced by the speaker i,

with j = 1 . . . Nf used to train the Gaussian Mixture model λi
and i = 1 . . . R of the voice of each speaker

Si =
[
Si1S

i
2 . . . S

i
j . . . S

i
Nf

]
MFCC matrix of all the utterances pronounced

with i = 1 . . . R by the speaker i, used to train the model λi
λi with i = 1...R GMM of the voice of speaker i
{ cil, ~µi,Σi} Weights, means and covariances of the model λi

θ Angle between robot and its interlocutor
w Width of the image
f Focal length of the camera

FOV = γ ∈ [θ − α, θ + α] Field of view where α = arctan(w/2f)

Table 9.1: Table of the variables used in the section 9.2.

arithm of the short term energy spectrum, reported on a mel-frequency scale, which
closely approximates the human auditory system (Pols (1977)). In Figure 9.3 the gen-
eral procedure to compute MFCC is shown. A comparison between different ways
of implementing MFCC is provided by Zheng et al. (2001).
We use 18 coefficients as a trade off between complexity and robustness after 25
experiments. The parameters initialisation of the EM algorithm and the number
of Gaussian components are provided by the the mean shift clustering technique
(Comaniciu and Meer (2002)); we get a varying number of components χ, with
7 ≤ χ ≤ 15.
For each utterance xt acquired during a conversation and the associated MFCC matrix
At, composed of NA 18-dimensional coefficients, we obtain, through the complete
features matrix and the GMM, a probability p(xjt |Si) for all coefficient components
xjt , j = 1, . . . , NA. Thus, the expectation is

E(λi|At,Si) =
NAt∑
k=1

p(λi|xkt ,Si) p(xkt |Si) (9.3)

The identification process, on the other hand, also involves clustering of speakers
voice labels (see Section 9.6).

To prevent the robot from turning its head to follow noises or random sounds in the
environment, we trained a linear classifier based on support vector machine (SVM),
able to distinguish between speech and no-speech frames.
We use support vector machine, because this classification method has shown ex-
cellent performance in Voice Activity Detection (VAD) problems, providing more
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Figure 9.3: MFCC (Mel-frequency cepstrum coefficients) computation procedure.

accurate results than other techniques, as illustrated by Ramirez et al. (2006) and En-
qing et al. (2002).
We consider the short term energy and the zero crossing rate of the signal received
(Rabiner and Sambur (1975), Atal and Rabiner (1976), Childers et al. (1989)) as dis-
criminant features for SVM classification. The short term energy is the sum of the
squares of the amplitude of the fast Fourier transform of the samples in a frame and
the zero crossing rate is the number of times the signal changes its sign within the
same frame.
Other features, like MFCC or Linear Prediction Coding (LPC) Itakura and Saito
(1968) have been used in literature for speech/sound discrimination (see kinnune07
and Nemer et al. (2001)among others) but, in our scenario, which is characterized by
a not that high presence of noise, short term energy and zero crossing rate are able to
guarantee a robust classification, in spite of the low computational cost involved.
The set that we use to train the classifier is composed of 10 different speech frames
for each speaker in the knowledge base and the same number of frames including
silence or background noise (see Figure 9.4).

9.3.1 Acquisition and processing

Acquisition and processing of voice features is performed in real time: both the voice
detection and the localisation procedure work with frames of length ∆ = 200ms, the
identification process with frames of length 5∆ = 1s.
Specifically, given the signal u(t), acquired by the microphones at time t, and the
frame u∆(t), containing the values of u(t) in the time interval (t −∆, t), the SVM
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Figure 9.4: SVM classification of voice against background noise: training and test-
ing.

classification implements a filter that provides a signal û∆(t), defined as follows:

û∆(t) =
{
u∆(t−∆) if u∆(t) does not include a human voice
u∆(t) otherwise

(9.4)

This filtered frame is used for speaker localisation and identification.
The angle between the robot and its interlocutor is computed for each signal û∆(t).
On the other hand, the segment of conversation which we link to an identity, among
the sampled voices, is represented by the utterance xt corresponding to 5 consecutive
frames û∆(t).
On this premises, the acoustic scene modelling provides the list of the M most likely
speakers. The first part Ŝ of the list includes the labels associated with the models λi,
maximisingE(λi|At,Si), given the utterance at time t and its MFCC matrixAt. The
other values, modulo expectation, concern people indicated by the visual analysis, if
not already in Ŝ.
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Variable Meaning
χ Number of components of the models λ
xt Audio signal captured by the microphones every 1s

At
MFCC matrix of the utterance in a conversation,

the current relative speaker of which we have to estimate.
NA Number of coefficients in At

xjt , j = 1 . . . NA j-th vector of the matrix At
u(t) Audio signal captured by the microphones at time t
∆ Sampling interval of acoustic signal. ∆ = 200ms

u∆(t) Frame containing the values of u(t)
in the time interval (t−∆, t)

û∆(t) Filtered signal by SVM classifier
M Number of most probable speakers given by acoustic analysis

Ŝ
List of the labels associated with the models λi

maximising E(λi|At,Si)

Table 9.2: Table of the variables used in section 9.3

9.4 Visual face descriptors

Visual scene analysis starts with a multi scale face detector. A cascade of classifiers is
used to progressively discard areas that are not likely to include a face, by combining
successively more complex and computationally expensive classifiers, to mimic the
attention that selects areas deserving further processing.
Once a face is detected, the face area is divided in regions of interest on which differ-
ent detectors are scanned to locate the eyes and the mouth. If these detections succeed
over a number of different frames the computational process enters the tracking state
in which the eye and mouth detectors are scanned across a predicted face region that
is computed from the previous frame by a face tracker, based on mean shift.

The core of visual feature extraction is the integration of the detection and tracking
facilities, by a finite state machine with detection and tracking states. Pre-processing
involves equalisation, aligning and segmentation of face images. For the alignment,
we rely on the position of eyes and mouth: assuming all faces are frontally detected,
the images are rotated and scaled to compensate the angle γ formed by the eyes. Be-
ing d the computed distance between eyes, σ = d̄/d is the scale factor needed to ob-
tain the desired distance d̄, (xc, yc) is the centroid of the eyes and mouth, a = σ cos γ
and b = σ sin γ. The transformation H that maps the original to the transformed
image is expressed by the 2× 3 matrix

H =
(

a b (1− a)xc − byc
−b a bxc + (1− a)yc

)
(9.5)
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Figure 9.5: The figures illustrate the detection and tracking of facial features: faces
detected in the field of view are tracked; eye positions are estimated and used for
face normalisation, while mouth ROI is needed by the speaker detection process.
Brighter pixels in the backprojected image indicate higher probability values; ellipses
are centred and oriented according to the extracted eye and mouth positions.

A fixed size region of interest is centred on (xc, yc) to extract, from the transformed
image, an aligned face image.

In the following we introduce a set of descriptors providing a compact representa-
tion of a person’s appearance and are suitable in this identification problem. Namely,
three kind of visual descriptors are defined for each detected face in the scene:

• a probability that the subject is currently speaking based on mouth movements;

• a compressed representation of the intensity image;

• a non-parametric colour distribution.

All descriptors refers to a specific region Qi, i = 1, . . . ,KFOV , with KFOV the
number of people visible in the camera FOV (see Table 9.4).

9.4.1 Visual speech descriptor

This descriptor sizes the significant mouth movements, in so contributing to the cross-
relation between audio and visual features for the recognition of the speaker in the
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scene. Indeed, the problem is to evaluate the amount of pixel changes needed to tell
that the mouth is articulating a phrase.
To face this problem we define a binary mask MB by thresholding differences of
frames from subsequent time steps. Each pixel is treated as an i.i.d. observation of a
binary random variable x representing the detected change.
Assuming a Binomial distribution for the binary variables within the mask, we es-
timate the parameter µ using a Beta prior distribution characterised by the hyperpa-
rameters α and β.
While the µ parameter accounts for the influence of the number of pixels that have
changed over the all pixel set, the two binomial proportions α and β enforce or
weaken the amount of changes according to the effective number of samples that
seem to vary. The best values for our implementation are α > 0.7 and β < 0.2.
Let NB be the size of the observations, with ρ the number of pixels set to 1 by the
mask (those changing).
The likelihood that the observations come from a windows in which the mouth has
significantly moved, as for articulating speech utterances (of course also for smiling
or yawning) is thus defined as∑

x∈Mb

p(x|µB, NB − ρ+ β, ρ+ α)µ (9.6)

Note here that µ is re-estimated from each detected MB , and thus µ underlines the
model which most likely is induced by mouth activity. In any case the MBs are
chosen, among those having best expectation, also according to the chosen voice
models.

9.4.2 Face appearance feature descriptor

Karhunen-Loève(KL) coefficients provide efficient compression and are suitable to
encode frontal faces that have been previously aligned.
Compression is achieved by projectingD-dimensional face data into aD′-dimensional
subspace spanned by the D′ principal directions. Being ci the D′-dimensional KL
coefficient column vector representing the visual features of the i-th subject, we mea-
sure the similarity between i and j in face intensity images by computing the coef-
ficient Mahalanobis distance dM(ci, cj) = (c>i Λ−1cj)1/2, where Λ is the diagonal
matrix, with the eigenvalues corresponding to each KL coefficient.

9.4.3 Face colour feature descriptor

The similarity in colour space is based on the Bhatthacharyya distance between non
parametric densities of colour features. More precisely, given two histograms spec-
ified by the vectors of bin value hj of the face colour features, j = 1, . . . , R, the
Bhatthacharyya distance is defined as dB(hi,hj) = (1− (h̃>i Ω−1h̃j))1/2, here h̃ is
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the vector obtained by computing the square root for every element of h̃ and Ω is the
diagonal matrix mentioning the normalisation coefficients, such that 0 ≤ dB ≤ 1.
These colour descriptors, although are not robust against changes in face illumina-
tion conditions, compensate degradation of shape cues caused by poor resolution or
changes in head orientation.

Variable Meaning
γ Angle between the eyes
d Distance between the eyes
d̄ Desired distance between the eyes
σ Scale factor to obtain the desired distance d̄

(xc, yc) Coordinates of the centroid of the detected faces.
a = σ cos γ Transformation equation
b = σ sin γ Transformation equation

H Transformation matrix
KFOV Number of people visible in the camera FOV

Qi, i = 1 . . . ,KFOV Regions currently in the camera FOV
MB Binary mask for visual speach detection
x Random variable representing the changes of the mouth.
µ Parameter estimated by a Beta prior distribution
α, β Hyperparameters used for the estimate of µ
NB Size of the observations for visual speach detection
ρ Number of pixels set to 1 by the mask
ci KL coefficient column vector

dM(ci, cj) Coefficient Mahalanobis distance

Λ Diagonal matrix with the eigenvalues
D corresponding to KL coefficient

h Vector of bin value of the face colour features

h̃ Vector obtained by computing the square root
of every element of h

Ω Diagonal matrix mentioning the normalisation coefficients
dB(hi,hj) Bhatthacharyya distance between (hi and hj

Table 9.3: Table of the variables used in section 9.4
.

9.5 Discovering people identities
We recall the reader that the problem we have to solve is online identification of
the speaker. We have discussed in the previous sections the different descriptors of
voice, lips movements, and face features. We have shown that the voice and the
lips movements are defined by a probability distribution (Gaussian Mixture for voice
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Qi= region label X1 X2 X3 X4 Y Peop. label

Q1 0.6909 0.0013 0.4419 0.505 1 A
Q2 0.3090 0.0922 0.4652 0.505 0 A
Q1 0.6909 0.1529 0.9516 0.334 0 B
Q2 0.3090 0.1237 0.3638 0.334 0 B
Q1 0.6909 0.0014 0.3954 0.161 0 C
Q2 0.3090 0.1897 0.5641 0.161 0 C

Table 9.4: The descriptors table corresponding to a trial with two regions (Q1, Q2)
in the camera FOV and three people labels A, B and C with best descriptors classifi-
cation. From left to right Qi is the region label, X1 is the lips movements descriptor,
X2 is the normalised Mahalanobis distance between the Karhunen-Loève coefficients
for the current observed regions, labelled Qi, and the analogous coefficients stored
for each identities in the Knowledge base.
X3 is the normalised Bhatthacharyya distance between the non parametric functions
in colour space, sampled in the region Qi and in the images recorded in the knowl-
edge base.
Finally X4 is the voice descriptor and Y will take value 1 in correspondence of the
estimated speaker.
Here we assume that there are only two regions in the current camera FOV, labelled
by Q1 and Q2 and that the people A, B, C chosen are those in the union of the voice
set and the distance feature set with best classification. Data are repeated for each
potential identity. The task is to identify which row is the correct one. The row will
tell who is the current speaker and which is the region in the current camera FOV that
corresponds to the speaker. This implies that the real speaker is identified by both
the voice and the face. In this case the correct row is the first, thus the correct region
label is Q1 and the speaker is A.
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and Beta-Binomial distribution for lips movements) while the other features are nor-
malised distance measures with respect to data coded in the knowledge base.

In this section we discuss how to infer from these heterogeneous data the current
speaker identity, presuming that the speaker changes in time. Now, data are collected
during a time lapse t : t + 1sec and descriptors are computed for each of these in-
tervals. We define each time lapse a trial, hence from each trial a data structure is
formed.
This data structure is peculiar because the descriptors have been generated from dif-
ferent sample spaces.

1. The voice descriptor computes a probability with respect to MFCC codes,
hence it returns the likelihood that A or B or C, etc. are speaking. It is
clear that if the MFCC of two people with very similar voices are stored in
the database, say A and Z, even if Z is not in the room, any time A will speak
there will be a good chance that the voice estimator will return a high likelihood
also for Z.

2. The lips descriptor will tell who in the scene is moving the lips, so this feature
needs to be combined with a voice and a face to be instantiated with a speaker.
Indeed, people can articulate the mouth also, for example, for laughing and
yawning.

3. The two normalised distances, on the other hand, tell who is plausibly in the
camera FOV in the current trial, but cannot tell who is speaking.

A consistent data structure for these varied dataset is illustrated in Table 9.4.
According to the structure of the descriptors, trials will nominally include all the peo-
ple enumerated in the knowledge base (see Section 9.2). The chosen labels are those
in the union of the sets of descriptors with best classification.
Note that if B is in the set, because it has a good classification for the distance fea-
tures, with respect to a region labelled Q2, this does not imply that it keeps a good
classification with respect to voice or to another region Qj , j 6= 2. That is why we
take the union of the sets, instead of the intersection, that might be the empty set.
Note also that distances are normalised with respect to the whole dataset and not with
respect to the chosen ones (see Section 9.4).

In order to find the correct row, given a trial, we use regression, in particular we
use a semi parametric regression model. The model will estimate the parameters
β = (β1, β2) and a function g which, when applied to a trial, will return the row that
most plausibly indicate the current speaker.
To estimate these parameters, however, we had to resort to a training phase. Using
the voices and the images in the knowledge base, and suitably adding errors for sim-
ulating environment influences, we have defined a set of 925 simulated trials 427 of
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Figure 9.6: The left image illustrates the behaviour of each descriptor, as indicated
in the label, taken at the value Ŷ , indicated Y HAT , chosen for Y = 1. The table
on the centre illustrates 187 of the 498 matches obtained during testing with the
GPLM. On the right the ROC curve. The false positive rate and true positive rates are
defined as FPR = FP/(FP +TN), TPR = TP/(TP +FN) (here FP are false
positive, TP true positive, FN false negative and TN true negative). Sensitivity
(TPR) is plotted in function of the false positive rate for different cut-off points.
Each point on the ROC plot represents a sensitivity/specificity pair corresponding to
a particular decision threshold for Ŷ : if the decision threshold is chosen to be 0.5
then FPR < 0.1, while if it is 0.9 then FPR = 0.5.
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Figure 9.7: Qualitative evaluation of a speaker identity estimation performance over
450 time-steps. The Figure shows the system tracking the current speaker identity
and recovering from failure.

which have been used for training and the remaining for testing.
We can now introduce the model. Given the descriptors X1, . . . , X4 a semi paramet-
ric regression model for inferring the row corresponding to the speaker is defined as:

E(Y |UT) = P (Y = 1 |U,T) + ε = f(X2β1 +X3β2 + g(X1, X4)). (9.7)

Here f is the standard logistic distribution f(z) = (exp(z)/(1 + exp(z))), U =
(X2, X3)>, T = (X1, X4)>, and β and g are the parameters and function to be esti-
mated.
Note that we have grouped on one side the normalised distances U = (X2, X3), for
which we want to estimate the parameters β1 and β2, and on the other side we have
grouped the two probabilities T = (X1, X4).
Differently from other regression models, the general non parametric regression model
(9.7) is optimal for capturing the combination of linear and non-linear characters of
the descriptors.
Figure 9.6 illustrates the different behaviours of the features descriptors considering
427 trials. Here YHAT denotes the Ŷ estimated by regression, that has been set to
1, with a decision threshold of 0.67. We estimate g and β according to the algorithm
proposed by Müller (2001) and Severini and Staniswalis (1994), here for the logit
case. The iterative steps of the algorithm are reported in Table 9.5.
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Initialisation:
X1,X2,X3,X4 are the descriptors for the 427(498) trials of the training(test) set
Y the regressed vector
U = (X2,X3),T = (X1,X4), Yi = 1 on all the correct Qi, for each trial.
β̂ ← 0,
ĝ ← f−1((Y + 0.5)/2)
µβ̂ ← exp(η)/(1− exp(η)) with η = U>β̂ + ĝ(T)

Loglikelihood and derivatives for µ:
L(y, µ): y log(µ) + (1− y)log(1− µ)
L′(y, µ): ((y − µ)/(µ(1− µ)))µ′

L′′(y, µ): (y − µ)( µ′′/µ(1− µ)− (1− 2µ)µ′2/(µ(1− µ))2)− µ′2/(µ(1− µ)))
Repeat estimate β̂, ĝ, using a smoothing matrix M̂ , see eq. (9.8)
until µnew

β̂
− µβ̂ < ε

here K is the number of trials, 1K is a vector of ones, ⊗ is the Kronecker product:
W = diag(L′′(Y, µβ̂))
Z = U>β̂ + ĝ −W−1L′(Y, µβ̂)
M = M 1./M 2, with M 1 = (L′′(Y, µβ̂)⊗ 1K)>M̂ and M 2 =

∑
M 1 ⊗ 1K

Û = (IK×K −M )U
Ẑ = (IK×K −M )Z;
β̂ = (Û>WÛ)−1Û>WẐ
ĝ = M (Z−U>β̂)
µnew
β̂
← exp(η)/(1− exp(η)) with η = U>β̂ + ĝ(T)

Table 9.5: Estimation of β̂ and ĝ for the regression model f{U>β + g(T)}, using
the training set of K = 427 simulated trials and a test set of K = 498 trials.

The goal of an empirical analysis of the data collected is to use the finite set of
observations obtained for training, that is, (Xji, Yj), j = 1, . . . , 427, i = 1, . . . , 4 to
estimate β, g.
These values, together with the canonical logit f are used to finally predict a speaker
identity. Estimation amounts to the following steps:

1. Analysis of predictors performance to prove their impact on Y . Estimation
of the β and of the unknown function g using the training set of the 427 trials,
from the 925 obtained by simulation (using the data collected in the knowledge
base). Validation of g and β with the remaining 498 trials, for all the plausible
Qi, i = 1, . . . ,m in the camera FOV (in our case m = 2, 3, 4, 5).

2. Prediction, in real time, of the speaker identity given the current observations
and the knowledge of the current trial dimension (that is, m2 × 5, with m the
number of identified regions in the camera FOV, Qi, i = 1, . . . ,m), consider-
ing the whole dataset.

3. Convergence of the identification process after a burning period. Expectation
of the features of each identified speaker can be used to track the conversation
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dynamically and refine the probability of the identity of each speaker using a
dynamical model, not described here.

We consider each descriptorX1, . . . , X4 as an explanation or predictor of the speaker
identity. By looking at the performance of each explanation (see Figure 9.6) and
also because we have two probabilities and two distances, we have chosen to group
the two probabilities, that is, lips movements (X1) and MFCC ( X4) with the non-
parametric g.
The iterative algorithm, with training data, starts with an initial approximation of
ĝ = f−1((Y + 0.5)/2), with Y set to 1 on the correct regions labelled Qi, and with
initial values of β̂ set to 0.

Now, to estimate µ a smoother matrix M is defined using kernel approximation.
We have used the Epanechnikov kernel, defined with respect to the elements of T

Kh(Xj −Xi) =
∏
w=1,2

(1/hw)(3/4)(1− ((Xjw −Xiw)/hk)2)

· (‖(Xjw −Xiw)/h‖ ≤ 0.75)
(9.8)

Here hw = 0.4 and w = 1, 2 because T is k× 2, with K = 427 in the training phase
and K = 498 in the testing phase. Note that the kernel is evaluated with respect to
the matrix T, mentioning all the trials both in the training and testing phases. Then
the smooth matrix M , according to Müller (2001), can be formed by the following
elements κij of M :

(L′′(Y, µj))KH(Xj −Xi)
(1/n)

∑n
j=1(L′′(Y, µj))KH(Xj −Xi)

(9.9)

Convergence is achieved when difference of likelihood and the estimates of β is be-
low a certain threshold τ . We used τ = 0.1E-004 and for our set of trials 48 iterations
were needed to converge on the data train set with K = 427.
On data test the error is 0.4%. The error rate is, indeed, very low, as shown in the
ROC curve displayed in Figure 9.6, reporting the behaviour of the estimator on data
test.
Figure 9.7 shows, instead, a qualitative evaluation of a speaker identity estimation
performance over 450 time-steps. The number of false alarms in the figure is pretty
low; the implementation of a dynamic filter able to remove such false alarms could
be, then, particularly useful for improving the general performance of the system.
With this aim a future analysis can be executed about the nature of the wrong estima-
tions obtained to design an adequate filter.
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9.6 Updating

One main problem for the online application of the system is the knowledge base
dimension. If the knowledge base is large, then online acquisition for the voice de-
scriptors and the visual descriptors, concerning the two distances, is a quite hard task.
Indeed, it requires a huge set of comparisons, since nothing is known about the peo-
ple in the scene. So the question is: is there a time t at which the system knows who
is in the scene and can rely on that for online identification?
Experiments show that a time t at which all people have spoken is difficult to predict,
and if no constraint is put on the scene, some people can leave and new people can
join. Thus there is not a fixed set that can be devised after a specified time.
To solve this problem and induce a partial knowledge of the people in the scene, we
assume that changes are smooth: not all current people suddenly disappear nor are
substituted altogether with new ones. So in a time lapse at most one person joins the
conversation and one leaves, and partial updates can be inferred for voice and face
similarities acquired up to time T .
More specifically, for the same effective speaker, the list Ŝ of the most probable rela-
tive labels, estimated via the acoustic analysis, tends to involve the same ones. After
a specified time T (burning period), clusters of different cardinality, for each different
list Ŝ, are generated, with the associated frequency of occurrence.
Thus, if at time t > T there are δK new people, with δK ≥ 2, in the list, only the
most probable labels Ŝmp are maintained, while the others are replaced with the la-
bels mentioned in the most likely cluster, of the same cardinality. This includes Ŝmp,
according to the likelihood computed after the burning period.
These clustering on voices is integrated with an analogous clustering on visual dis-
tances and are thus used for setting a dynamic model in which known states and
unknown new states are devised.

9.7 Future Improvements

The model proposed have some limitations, linked to the ability of the system to
adapt itself to the dynamic evolution of the scene and to be, consequently, much less
dependent on the characteristics of the scenario. At the state of the art, the system
is able to combine different perception modalities and very different kinds of data,
but it works only on a predefined set of people in the knowledge base and it does not
sufficiently consider the experience after the first learning step. The system is able to
manage people leaving or joining the conversation, but these people should be part of
a predefined dataset, so that the robot could know their auditory and visual features
of interest.
A solution could be to make the entire model Bayesian, so that it would be possible to
deal with new subjects that would like to be included in the conversation and update
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the current models using the information obtained during the previous steps.
An interesting cue, by this point of view, is provided in Richardson and Green (1997)
with regards to the estimation of the parameters of the Gaussian Mixtures. They pro-
pose a fully Bayesian mixture modelling, analysing the number of components and
the mixture components parameters jointly and base inference about these quantities
on their posterior probabilities.
Moreover, they obtain posterior distribution of their object of inference, (model pa-
rameters and predictive densities) and not just best estimates.
However, this model can be improved and made more general and flexible, vary-
ing the structures of the priors and their dependences, the MCMC sampling method
used, etc. In this way, it can be exploited to represent features with different types of
distributions that are able to evolve on the basis of the new knowledge acquired by
experiments.

It would also be interesting to add a speech recognition system to the actual plat-
form, to implement the possibility for attention to be driven also by the content of the
speech.

The various components of the system work simultaneously and real-time. Thus,
it could be useful to take advantage of specific methodologies to arrange the design
of the parallel elaboration executed by the system. For example, according to PCAM
(see Foster (1995)) the design of parallel algorithms can be broken down into four
major steps:

Partitioning : decomposition of the process into small tasks;

Communication : the necessary communication to coordinate task execution is de-
termined;

Agglomeration : the decomposition and the communication structure defined in the
previous two steps are evaluated on the basis of the implementation cost and
other particular requirements;

Mapping : assignment of the various tasks to each processor, trying to maximize
processor utilization and minimize communication costs.

But other strategies could be used in this direction, like cloning. This was first intro-
duced by Von Neumann (1956) to generate fault-tolerance mechanisms and imple-
mented over the years for different purposes and in different scenarios. Simulation
cloning is particularly interesting. It allows the creation of different copies of a run-
ning simulation and each copy follows a different evolution of the process in a parallel
way. Decision points are established to determine the moment in which the clones
can be generated and start their execution (for more details about cloning simulations,
see Hybinette and Fujimoto (1997)).
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Finally, thanks to new tools and low-cost devices like, for example, the Microsoft
Xbox Kinect Corp. (2011), the system could be improved and enriched with other
functionalities, in order to make the robot a more realistic conversationalist. The vi-
sual aspects, above all, could benefit from the integration with these new instruments.
Gestures recognition and pose estimation could be implemented using the Kinect
(seeShotton et al. (2011); Ren et al. (2011) among others), so that the robot would
be able to establish another way of communicating to humans and use it to obtain a
better interpretation of the scene and a more complete human-like reaction. Hands,
arms and, more generally, body movements could, in fact, show fast commands, for
example, or even emotions, if supported by a model able to analyse body language
and to associate some actions to the relative emotions those actions aspire to express
(see, e.g., Bianchi-Berthouze and Kleinsmith (2003); Castellano et al. (2008)) .
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Conclusions and future directions

Top-down auditory attention has been investigated since Colin Cherry, in 1953, per-
formed his first experiments, but the computational models proposed to imitate hu-
man behaviour, largely, do not aim to be general representation of the mechanisms
involved. Rather they are domain dependent and hard to adapt to other contexts, pro-
viding ad hoc solutions to particular problems.
We presented a new interpretation of top-down attention as an active decision prob-
lem, in which just some information is initially available and we want to know what
the best measurement is to execute next to improve the performance of the decision
making procedure. The main novelty of the idea is relative to the use of a generative
model, given by a Gaussian mixture, which, thanks to its level of generality, can be
used in several domains or applications.
The saliency is computed according to an informational theoretic approach, based on
an information maximization intent.

The cocktail party effect that makes people, at a cocktail party, able to pay attention
to the speech of the neighbour ignoring the other sounds and voices around inspired,
over the years, researchers to execute different kinds of experiments. We performed
behavioural experiments, rivisiting the ones carried out by Cherry in his pioneering
work, to analyse the effect of cues like the presence of a task or priming. In particular,
we checked how these cues affect speech intelligibility, simulating a cocktail party
scenario as a monaural composition of two narratives, uttered by a speech synthesizer
using the same virtual speaker. In this way, as Cherry suggested, other cues linked to
the voices or so were deleted. The results of our experiments showed that both cues
help the segregation between the two audio streams.
Moreover, we simulated a similar scenario to investigate the behaviour of the top-
down model, inserting counfounders in the training set. The results are similar to the
ones provided by the behavioural experiments.
We also investigated the missing data problem and the efficiency of some of the tech-
niques mostly used in the literature to deal with this kind of issue. The most efficient
method was, then, exploited to make the top-down attention model proposed able to
operate in more realistic contexts, characterized by missing information also in the
training set.
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128 Conclusions and future directions

Finally, we explored multimodal perception as a fusion of auditory and visual data.
Specifically, we combined these two different kinds of information to perform a
speaker recognition process, in a conversation scenario. The robot, making use of
this data combination, follows the conversation, estimating the position in the scene
of its actual interlocutor and his/her identity. The results obtained seem to support
the idea of multimodal combination of data as an encouraging and not so explored
way to examine and model human perception.

Future Directions

Auditory top-down attention

Further studies could investigate human auditory top-down attention, carrying on the
ideas discussed in Chapter 8.2.2 and taking care also of the aspects less analysed till
now in the literature. In order to do this, behavioural experiments could be neces-
sary and useful to understand patterns operating in human attentive comportment. In
particular, it would be interesting to focus the research on the impact of factors like
emotions, previous knowledge and particular acquired predispositions on auditory
attention.
For example, human acoustic apparatus has a particular structure, due to the fact that
the higher informative content of speech, the consonants, are characterized by spe-
cific frequencies. This proves the predisposition of the man paying attention to other
human voices. However, over the years humans develop other particular predispo-
sitions. In time, people become more sensitive, for instance, to known voices, like
a child being naturally more sensitive to the voice of the mother. This happens also
following conferences, multi-speaker seminars and so on. In time, people are able to
isolate the voice of the speakers also because they somehow “learn” these voices and
the separation becomes easier.
In analogy with this, as we already mentioned and started to investigate, knowledge
about the content of what they are hearing could help the segregation step, pushing
subjects to pay attention to a speech containing a particular known topic (pre-defined
or not), rather than another.
Also emotions play an important role in the decision about the saliency of each stim-
ulus. Some words or sounds, for example, grab drastically human attention, due to
awakening strong feelings, to alerting words and/or to specific emotions which char-
acterize the sound.
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Auditory bottom-up attention

It could be interesting as well to establish a measure of saliency for the different
stimuli independently from the purpose of the application and of other top-down
cues. In analogy to visual attention, saliency maps could be, then, generated and
procedures proposed to deal with the interaction between all these aspects, in order
to understand and represent whether and when shifting attention between an object
to an other.
Consequently, studies about bottom-up attentive strategies could be useful to have a
model able to combine both the attention components and provide a more general
solution to the cocktail party problem, imitating human behaviour.

Multimodal Perception and Attention

Several models using sensing fusion techniques have been built for different tasks,
whereof speaker or other sound source recognition and tracking are the most repre-
sentative (Checka and Wilson (2002), Chen and Rui (2004), Zou and Bhanu (2005),
Beal et al. (2002)). Integration between different attentive modalities is very much
in its infancy, even if many studies suggest the existence of important similarities be-
tween auditory and visual perception in complex scene: both are based on the concept
of perceptual objects as basic units of attention, both can modulate spatial and non-
spatial feature processing and both operate in parallel through bottom-up, automatic,
scene-based saliency examination and top-down, attentional, task-dependent exam-
ination (see Fritz et al. (2007)). Moreover, some experiments demonstrate that the
mechanisms extracting conspicuous events from a sensory representation are similar
in auditory and visual pathways (Kayser et al. (2005)).
However, there are some important differences. In Kawashima et al. (1999) func-
tional areas of the brain modulating processing of selective auditory or visual atten-
tion toward utterances are analysed. Experiments prove that the visual task activates
the visual association, inferior parietal, and prefrontal cortices. Both tasks activate
the same area in the superior temporal sulcus. During the visual task, deactivation
is observed in the auditory cortex. This behaviour indicates there exists a modality-
dependent selective attention mechanism which activates or deactivates cortical areas
in different ways.
All these results suggest that the two modalities act with similar procedures, but the
analysis is executed separately. For this reason, it would be opportune to take advan-
tage both of the affinity, creating multi-modal saliency maps, and their differences,
building the complete map from the two maps generated by the auditory and visual
analysis singularly, to increase the accuracy of the operations and to detect and delete
the “false alarms”. The identification of false alarms is possible, since these two maps
catch dissimilar characteristics of the scene. Visual maps proposed in the literature
are generally three-dimensional and deal with the stimuli in the 3D space in the field
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of view of the robot’s camera. They do not consider all that is not included in this.
Auditory saliency maps, instead, are bidimensional, but are able to capture informa-
tion in the entire space: as it happens for human ears, it would be possible to hear
anything in the scene, without considering the relative location (of course, it depends
on the distance between the source and the listener). It is possible to assert that the
nature of the acoustic devices allows a spherical perceptual field to be created around
the robot, in which privileged directions or limitations in the hearing process do not
exist.
For the sake of having an idea about the impact of these architectures would have
on the development of real applications, it is sufficient to consider, for example, how
much the surveillances systems would become more robust and easier to use. CAS-
SANDRA, a smart surveillance system created by Zajdel et al. (2007) is one of the
first examples in this direction.
But the saliency identification is not the only task that would benefit from a multi-
modal approach. The perceptual objects formation and the selection procedure would
take advantage of it. Visual information could help to distinguish two near sources
that the audio would be not able to opportunely separate (as shown in Nakagawa et
al. (1999)) or, vice versa, the nature of sounds received could suggest the presence of
another person in the scene not noticed by video analysis.
Moreover a so generated multi-modal map, indicating the saliency of the visual and
auditory objects in the scene, can be used to discover which kind of features have
to be used, depending on the particular applications, to improve the performance of
recognition and identification systems that combine different perceptual modalities.
In this perspective, preliminary works investigating sensing fusion techniques (like
the one described in Chapter 9) could be considered as a base for the study of mul-
timodal perception and for the development of multimodal attentive models able to
combine both visual and auditory data and to explain the mechanisms resultant from
this integration.
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