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CHALLENGES OF NATURAL LANGUAGE
COMMUNICATION WITH MACHINES
DELIC, V.; SECUJSKI, M.; JAKOVLJEVIC, N.;
GNJATOVIC, M. & STANKOVIC, I.
Abstract: The chapter gives an overview of the state of the art and the directions of
future development in the field of speech technologies. The recent developments in
the field of computational industry and the availability of large quantities of data
have led to the emergence of applications that had been widely considered as science
fiction until not long ago. Owing to these applications people can now use smart
phones to send e-mail, SMS or browse the web, dictate text instead of typing it, or
obtain information from interactive call centres able to e.g. detect annoyed users and
allow human operators to take over. The chapter addresses several fields related to
speech technology in more detail, including the basic technologies of automatic
speech recognition and text-to-speech synthesis, but also specific challenges related
to the role of emotion in human-machine interaction and the representation of
meaning in human-machine dialogue systems. The paper concludes that, although the
technologies in question are commercially available and have been widely applied,
many problems remain to be solved. The available systems may be able to meet the
basic needs of a user, but they are still unable to achieve the same level of
communicational efficiency as a human collocutor.
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1. Introduction
As the most common way of communication between humans, speech has been
considered as a convenient medium for human-machine interaction for a long time.
Firstly, speech is a natural interface and humans are already fluent in it. Furthermore,
while communicating with machines using speech, humans are free to simultaneously
perform other tasks (Shafer, 1994). It has even been suggested that the very invention
of speech by humans was not related principally to their desire to express their
thoughts (for that might have been done quite satisfactorily using bodily gesture), but
rather to their desire to “talk with their hands full” (Paget, 1930). Throughout the
history, humans have continued to use the same communication interface not only
between themselves, but also to address animals, who have been the principal
technological aid to the mankind for a long time. It is therefore quite natural that,
since animal power was replaced with machines, humans have been interested in the
development of the technological means to extend speech communication interface to
machines as well.
The design of a machine which mimics human communication capabilities in
terms of understanding spoken utterances and responding to them properly has been
recognized as a scientific problem for centuries (Juang & Rabiner, 2005). Since the
first system for “speech analysis and synthesis” proposed in the 1930s (Dudley, 1939,
Dudley et al, 1939), there has been tremendous progress in the field. The systems
pretending to understand speech utterances have progressed from simple machines
that respond to small sets of sounds to sophisticated systems able to respond properly
to fluently spoken natural language, taking into account the statistics of the natural
language in question as well as the variability introduced by different communication
channels or speaker characteristics. On the other hand, the systems producing human
speech have evolved from machines able to reproduce only individual speech sounds
to systems able to produce sentences of natural language virtually indistinguishable
from those produced by a human speaker. The research in the field of speech
technology has been further accelerated by a rapid advent of powerful computing
devices, leading to the emergence of a range of commercially available applications
based on human-machine speech interaction, including personal assistants, dictation
systems, information servers as well as aids to the disabled.
The full potential of speech as a human-machine interface can be reached only
in case of natural language interfaces, which, unlike directed dialog interfaces, allow
humans to communicate in the same conversational language they would use when
talking to other humans (Minker & Benacef, 2004). However, the development of
such an interface is burdened with the incorporation of a large quantity of domain
knowledge into a very complex model of understanding, in order to be able to handle
any user input successfully. Consequently, human-machine speech interaction is
closely tied to the area of natural language processing (NLP), i.e. the study of
computertreatment of natural human languages, including a wide variety of linguistic
theories, cognitive models, andengineering approaches. With the rapid development
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of the Internet, large quantities of textual and speech data have become available,
which, together with the technological progress in the computer industry, enables
new advances in natural language processing and the development of algorithms
which may have not been computationally feasible until now. The research in the
field of speech technology today focuses on a number of fields, among which the
following are recognized as the most important:
• Spoken language understanding(SLU), aimed at the extraction of meaning from
uttered words. When related to the conversion of a spoken utterance to a string of
lexical words only, it is referred to as automatic speech recognition (ASR). Within
multimodal communications systems, other input modalities including touch and
image can be used together with speech (Fig. 1).
• Spoken language generation(SLG), aimed at the generation of a spoken utterance
from the meaning represented according to an existing semantic model (in which
case it also comprises the problem of composing a sentence that would convey
particular meaning) or from a readily available string of words (in which case it is
referred to text-to-speech synthesis or TTS). Within multimodal communication
systems appropriate visual output can be generated as well (e.g. a talking head),
enhancing the efficiency and naturalness of communication (Fig 1.).
• Human machine dialogue management, aimed at the enabling of machines to
support a dialogue similar to one between humans, and related to the
implementation of semantic models and dialogue processes. A dialogue strategy
should be based on the language act theory, and should take into account
contextual information and the knowledge of the interaction domain.
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• Recognition and production of vocal emotion, aimed at modelling the links
between human emotion and the features of human speech communication related
to it. Namely, emotion appears to be conveyed through changes in pitch, loudness,
timbre, speech rate and timing which is largely independent from linguistic and
semantic information.
It should be kept in mind that all of the aforementioned fields are heavily
language dependent,in most cases the extent of language dependency being such that
it is necessary to develop a great deal of speech and language resources and
techniques independently for each language. However, models and algorithms used
to treat corresponding problems across different languages are largely the same,
which leads to the conclusion that there exist both global and language dependent
challenges of enabling fluent human machine speech communication. Recently, great
scientific and technological development has been is observed both as regards global
and language specific challenges, the latter principally owing to the fact that speech
and language resources have recently begun to appear for small languages as well
(Delić et. al., 2010).
2. Challenges of automatic speech recognition
The term automatic speech recognition (ASR) refers to the automatic
identification of the lexical content in a spoken utterance. Research in this field has
been conducted for over 60 years, during which many different paradigms were
explored. The early ASR systems were based on acoustic-phonetic theories which
explain how phonemes are acoustically realized in spoken utterances. It was assumed
that phonemes can be characterized by a set of acoustic properties that make
distinction between phonemes. It was also assumed that coarticulation effects are
straightforward and can be easily learned by a machine as well. In the recognition
phase the first step was the segmentation of an utterance into stable acoustic regions
and the assignment of possible (acoustically closest) phonemes to each segmented
region, which resulted in a phoneme lattice. The second step was the determination of
a valid word from the phoneme lattice, applying linguistic constrains such as a
vocabulary or syntax or semantic rules (Juang & Rabiner, 2005).
In the 1970’s stochastic paradigm was introduced and it became the main
framework for further development of ASR in the next three decades. It was assumed
that speech can be considered as a code that was transmitted over a noisy channel,
and for that reason a number of algorithms from the information theory were applied
with some adaptations (Jurafsky et. al., 2000). The basic premise is that hidden
Markov model (HMM) state sequence can be used to describe the dynamics of
phoneme sequence in a spoken utterance and the probabilistic nature of
correspondence between linguistic codes and speech waveforms. Speaker and
channel variability were modelled by Gaussian mixture models (GMM). In this
model, the goal of the recognition process is to find the most probable HMM state
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sequence, and the information theory already offered fast solutions in Viterbi and A*
decoding algorithms (Huang et. al., 2001). An efficient procedure to estimate HMM
parameters exists as well (Baumet. al., 1970). Additionally, the stochastic framework
provides an elegant way to incorporate an acoustic model, which contains knowledge
about acoustics, phonetics, channel and environment, with a language model, i.e. a
system of knowledge about word constituents, order of words in a sequence etc.
There are many reasons why this statistical approach was dominant for so many
years. A competitive approach was the one based on artificial neural networks
(ANN), but one of the issues it faced was the temporal nature of speech signal. This
can be overcome by using recurrent neural networks (Huang et. al., 2001) or hybrid
models which use combinations of HMM and ANN where ANN are used to estimate
HMM state emission probabilities (Bourlard & Morgan, 1993). However, in the
1990’s it was challenging to set the number of parameters of ANN which can match
the number of parameters of GMM because the ANN training algorithms are based
on stochastic gradient descent. Additionally, the development of discriminative
training algorithms for GMM based on maximum mutual information criterion and
minimum phone/word error compensate forthe discriminative nature of ANN (He et.
al., 2008). However, ANNs have found their role in robust feature extraction (since
they can obtain class discriminative features) (Hermansky et. al., 2008) and in
language modelling (since they are efficient in probability smoothing by word
context similarity) (Bengio et. al., 2008).
One of the advantages of GMM-based ASR systems is the existence of efficient
adaptation techniques, which transform features and/or parameters of the acoustic
models to better match a given test environment. The standard adaptation technique is
maximum likelihood linear regression (MLLR), which adapts Gaussian means to the
test environment using maximum likelihood and reduces the word error rate
significantly (Leggetter & Woodland, 1995). Nevertheless, the adaptation techniques
in feature space, such as cepstral mean and variance normalization, vocal tract length
normalization (Jakovljević et. al., 2009) and feature-space MLLR (Gales, 1998) in
conjunction with MLLR have additionally reduced the word error rate.
The ASR systems have achieved a significant development but their
performances are still 3 times worse than humans in terms of word error rate
(see Fig 2.). They are far less robust to different acoustic environments (noise,
reverberation, background talk, etc.), communication channels (far-field
microphones, cell phones, etc.), speaker characteristics (speaking style, accents,
emotional state, etc.), language characteristics (dialects, vocabulary, topic domain,
etc.).
Nowadays the amount of training data for resource-rich languages is not a
matter of concern, and it is thus easy to obtain more data. However, the increase in
the quantity of training data cannot improve the performance of the system
significantly. In the experiments the amount of data has been increased by a factor of
5, and model complexity by a factor of 6, but the relative improvement in recognition
performance was only 15% (Evermann et. al., 2005). It is our belief that the next
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breakthrough in ASR can be achieved by applying machine learning algorithms such
as deep belief networks, graphical models and sparse representation.
2.1 Deep Belief Networks
Recently presented results suggest that further improvement in ASR can be
achieved by neural-networks, more precisely,using deep belief networks (DBN)
(Deng et. al., 2005). Deep belief networks are probabilistic generative models that are
composed of multiple layers of stochastic latent variables (Hinton, 2009).

Fig. 2. Historical progress (1988-2009) on word error rates for increasingly difficult
speech data(www.itl.nist.gov/iad/mig/publications/ASRhistory)
They can be viewed as multi-layer perceptrons (MLP) with many hidden layers,
but the training procedure assumes learning of one layer at a time, treating the values
of the latent variables of the lower layer as data for training the higher layer. The last
step in the training procedure is fine-tuning by back-propagation algorithm. Such a
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structure is beneficial since many simple non-linearities in each hidden layer can
generate a complicated non-linearity which transforms data in a space where a linear
classifier is sufficient.
It has been shown that DBN, with an appropriate training strategy and structure
can result in a model which is speaker, channel and language independent (Deng et.
al., 2005). The adaptation of DBN is more difficult than the adaptation of GMM, but
word error rate of DBN without adaptation is far lower that the best GMM. The
future work on DBN should include the pursuit for more effective deep architecture
and learning algorithms.
2.2 Graphical Models
Graphical models describe dependences between a set of random variables with
a graph (where each node represent random variable and edge correlation between
them) (Bilmes, 2010). They provide a formal language for systematic model design
and analysis, as well as efficient learning and inference techniques. Transforming an
existing model into an appropriate graphical model one can get tractable and proved
algorithms for learning an inference. For example restricted Boltzmann machines,
which are the basis for DBN, can be transformed into Markov random fields (Deng
& Li, 2013).
The standard way to obtain model-based robust ASR is to model each source of
sound independently. The resulting audio file is a result of nonlinear mixing of the
source models. Graphical models provide a systematic knowledge for discovering
and representing such a structure and for exploiting it during inference. This approach
has resulted in a multi-talker ASR algorithm which can separate and recognize the
speech of four concurrently talking speakers using a single microphone (Rennie et al,
2009). It is based on tractable loopy belief propagation algorithm for iterative
decoding multiple speakers. It is interesting to note that the algorithms proposed in
(Rennie et al, 2009) out-performed human listeners. Similar approach can be used for
speech recognition in noisy conditions as well.
2.3 Sparse Representation
The term sparse representation denotes a representation of a signal as a linear
combination of a small number (smaller than the dimension of signal space) of
elementary signals called atoms. The number of atoms is usually much larger than the
dimension of signal space. Usually sparse representation is used for denoising, but it
can be used for classification or both. The main idea is that a signal can be
decomposed into atoms which model speech, and atoms which model noise, and to
use only the speech part in a classification task. This idea has been tested in
(Gemmeke et al, 2009) and it has outperformed the GMM model. The models which
are described by examples instead by parameters are called exemplar based. These
models have not been widely used in ASR community, thus they can constitute
another direction for future research. Sparse representation can be used in
combination with DBN (Yu et al, 2012). The results show that the model size can be
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reduced significantly (by 70-90%), almost without increasingthe word error rate at
all.
3. Challenges of Text-To-Speech Synthesis
The technology of text-to-speech synthesis deals with the conversion of arbitrary
text into human speech in a particular language. Bridging the gap between plain text
and synthesised speech with all its typical features such as intelligibility and
naturalness is a complicated task, spanning multiple linguistic domains from
phonetics to discourse analysis. As there is no explicit information in a plain text
concerning phone durations, pitch contours nor energy variations, these factors have
to be recovered from the text in the specific prosodic or expressive framework of a
given speaker. The dependency of these factors from linguistic factors has to be
properly modelled in order to attain high naturalness of synthesised speech (Dutoit,
1997, Morton & Tatham, 2005). The recovery of prosodic features from text is an
exceedingly language dependent task referred to as high-level synthesis, and it
includes natural language processing of text and its conversion into a suitable data
structure describing the speech signal to be produced (referred to as the utterance
plan).
The necessary steps of high-level synthesis include expanding numbers,
abbreviations and other non-orthographic expressions, as well as resolution of
morphological and syntactic ambiguities. A correct resolution of ambiguities is
important because any error may easily lead to errors in the prosodic features of
speech, impairing its naturalness. It should be kept in mind that the naturalness of
synthetic speech is not merely a question of aesthetics, because incorrect intonation
can mislead listeners or force them to temporarily focus their attention to lexical
segmentation (identification of individual words in the input speech stream) instead
of the actual meaning of the text. The largely language independent low-level
synthesisis related to the production of the actual speech signal, whether by
concatenation of pre-recorded segments of speech or as an output of a statistical
model of speech, as in the case of hidden Markov model (HMM) based synthesis.
While concatenation based techniques were the approach of choice to a majority of
researchers and developers until recently, the popularity of synthesis methods based
on statistical models has begun to increase, owing to their flexibility (ability to switch
between speakers or speaker styles),smaller computational load and memory
footprint (making them a more suitable option for environments such as portable
devices), as well as speech integrity (the enhanced impression that the speech comes
from a single speaker).
The focus of text-to-speech synthesis has recently shifted from intelligibility to
naturalness, and some issues have not yet been addressed in a satisfactory way.
Namely, current state-of-the-art speech synthesizers are still unable to produce speech
which would be indistinguishable from human, and this constitutes one of the last
frontiers of speech synthesis. The sources of expressiveness in human speech are not
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yet well understood, and whatever they may be, they are highly variable, which
further complicates the task. Furthermore, rather than addingspecific prosodic or
expressive content to a “neutral” acoustic rendering of the sentence, rendering the
utterance plan within a specific prosodic or expressive content thought of as a
wrapper should be considered (Morton & Tatham, 2005).
The study of introducing expression into synthesized speech is related to the
understanding that speech is generally influenced by intrinsic phenomena which are
physical, but can nevertheless be deliberately interfered with (partially negated or
enhanced), in order to “depart from listener’s expectations” and thus convey
particular meaning or any other feature of expressive speech. For example, subglottal air pressure progressively decreases with speaking, however, this does not
prevent the speaker from controlling the fundamental frequency in order to convey a
particular lexical accent or to give a particular word some prosodic prominence.
For that reason, the utterance specification has to be enriched with specific
prosodic markup, which will reflect the changes in the expression and initiate
appropriate events in the prosodic rendering of the utterance. The prosodic markup
should also account for the (supposed) reaction of the speaker to the semantic or
pragmatic content of the text, expressed through continuous changes in the prosodic
framework including intonation, rhythm, as well as the precision of articulation. The
connection between the prosodic markup and the actual prosodic rendering of the
sentence is highly non-linear, and the efforts to model this relationship still fall short
of producing speech which would be indistinguishable from human, principally
because the gap in our understanding of how speech is produced by human beings
has been underestimated.
4. Towards Emotional Speech Recognition and Synthesis
People take emotion expression and recognition for granted, but it is actually a
complex process that everybody learns from the day they were born. Communication
through emotions presents a huge part of everyday communication between people,
and emotions are present in almost any interaction. In the near future, it will be
impossible to examine any speech recognition/understanding or a speech synthesis
system, or build a facial and gesture tracking system without analyzing one of the key
elements of communication – emotion.
Emotions can be expressed through voice (speech emotions), face (facial
expressions), and/or body (emotional body gestures). In their study, Ekman and
Friesen (Ekman & Friesen,1997) discussed six emotions: happiness, sadness,
surprise, anger, fear, and disgust, which became known as the “basic” emotions
(Ekman & Friesen,2002), used in much related research since. Any complex emotion
is considered to be a mixture of several basic ones.
The field of emotion recognition has shown tremendous potential in many areas,
such as the commercial use of emotion recognition in voices in call center queuing
systems (Petrushin, 2000). The use of emotion recognition technology has recently
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been brought under the spotlight in terms of its potential to support countering
terrorism with technology. Ball (Ball, 2011) discusses enhancing border security with
automatic emotion recognition. Another possible use of emotion recognition is as an
aid to speech understanding (Nicholson et al,1999). They stress that emotion in
speech understanding is traditionally treated as “noise”, but that a better approach
would be to subtract emotions from speech and improve the performance of speech
understanding systems.
A number of further applications have been proposed, which might benefit from
emotion recognition components (Hone & bhadall,2004), such as intelligent tutors
which change the pace or content of a computer-based tutorial based on sensing the
level of interest or puzzlement of the user (Lisetti & Schiano, 2000, Picard, 1997),
entertainment applications such as games or interactive movies, where the action
changes based on the emotional response of the user (Nakatsu et al, 1999), help
systems which detect frustration or confusion and offer appropriate user feedback
(Klein, 2002) and so on. Recent studies (Stankovic et al, 2012) have shown that
emotion recognition systems that utilize only speech or facial expressions do not
represent a realistic way of communication and expressing emotions. In everyday
life, humans use both vision and hearing to recognize emotions, thus bimodal
approaches, that utilize both vision and hearing, presents a more realistic and intuitive
way of detecting emotional states. It seems that people rely on both “ear” and “eye”
when detecting emotions, and that for recognizing some emotions we use sound
signals, while for some other emotions are more “visual” (Stankovic et al, 2012).
Similarly, for expressing different emotions we employ different strategies – facial or
gesture expressions, or emotional speech.
However, even though there is much work on facial expression and gesture
recognition, emotion speech recognition, understanding, and synthesis, it seems that
emotion recognition and synthesis is still an unsolved field. The lack of a standard, a
universally agreed method for detecting and conveying emotions perhaps lies in the
fact that recognizing and expressing emotions comes so naturally to us, humans, thus
being particularly difficult for us to tell what distinguishes one emotion from another.
In facial expression recognition, Ekman and Friesen (Ekman & Friesen, 1977)
defined facial action coding system by closely examining facial movements. Every
emotion facial expression is just a combination of the movements of several facial
muscles, and each basic facial movement is represented as action units (AU). Thus,
presence/absence of certain AUs can tell us a lot about an expressed emotion. There
are certain facial movements (AUs) that are present in almost all expressions of one
emotion, and absent from expression of all other emotions.
For example, happy expression is almost always expressed by pulling lip corners
– smile. However, facial expression also depends on many factors (culture,
temperament, etc.), so expressions differ from one subject to another. Due to the shift
of facial expression research from the recognition of acted to more spontaneous
expressions, the major obstacle in the future seems to be the lack of a spontaneous
expression database. Studies have proven that human behaviour becomes unnatural
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the moment subjects know or suspect that they are being recorded, so it is yet to be
discovered what kind of approach should be used in order to capture data with reallife spontaneous expressions in different illumination and occlusion conditions.
On the other hand, in emotional speech recognition and synthesis, we still lack a
standard method for capturing and conveying emotions into speech. This is probably
due to the fact that, unlike in facial expressions, there are more factors that influence
speech/language, such as culture, language group, education etc., making this field of
emotion recognition and synthesis a bit more challenging. While the task of
emotional speech recognition is to recognize a particular emotion in human speech,
the task of emotional speech synthesis is to convey it through synthesized speech.
One of the main goals in this field is to detect and subtract emotional “noise” from
speech, making speech recognition and comprehension easier, or synthesis a
particular emotion and add it to a “flat” synthesized speech.
Many papers have studied emotions in different languages, but the future
challenges would be to address multi-cultural and multi-lingual evaluations. In
different languages, different speech characteristics (features) show different
importance to recognize or reproduce emotions. There are several methods, such as
mel-frequency cepstral coefficients (MFCC), that generally show good results in
speech and emotion recognition. Also, some speech features show similar
“behaviour” in most of the examined languages, and represented a starting point in
any research. As Pantic and Rothkrantz (Pantic & Rothkrantz, 2003) presented,
emotional speech can be examined in most of the Indo-European languages by
monitoring features such as pitch, intensity, speech rate, speech contour, etc., while in
some tonal languages (Thai and Vietnamese), speech emotion is more easily studied
using MFCC, fundamental frequency, and zero-crossing rate (Stankovic et al, 2012).
Recently, bimodal systems have become increasingly popular, due to their stress
on naturalness. These systems contain both speech emotions and facial expression,
thus audio and video have their influences on one another. For example, subjects are
unable to express surprise as they would express it if only expressing facial gestures
without speaking. This influence of emotion speech on face movements makes it
more difficult to recognize facial expressions in bimodal systems (Stankovic et al,
2012), simply because those facial expressions are less expressive, hence less
informative, and more difficult to recognize. But they also represent more realistic
expressions.
It is clear that in the near future more systems will focus on employing bimodal
information (speech and vision), because it represents a more natural and realistic
research environment, which is surely one of the main goals in the field of emotion
recognition and in engineering in general. Unfortunately, bimodal systems still lack a
standard database, so it is particularly difficult to compare those systems. However,
with several new bimodal systems introduced every year, this problem will soon be
overcome and these systems even more employed in studies.
How exactly emotional body gestures and emotions are interrelated is still an
unsolved question. Most of the research is focused on detecting and synthesising
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emotions in speech and facial expressions, yet our bodily movements reveal an
equally significant portion of emotional state as other cues of human-human
interaction. For instance, talking over phone with a person that speaks language that
we do not understand is almost impossible. On the other hand, communicating with
that same person face-to-face will, due to the lack of a common language, lead us to
employ gestures much more in order to compensate the lack of speech. As research
shows, depending on a culture, people use over 200 gestures in everyday interaction,
proving that this is as an important field in emotion recognition and synthesis as face
expressions and speech are.
5. Challenges of the Representation of Meaning in Dialogue Systems
The essence of the system’s advanced communicative competence lies in the
ability to properly interpret the user’s utterance, and to adaptively manage a natural
and consistent dialogue. The human-machine dialogue is natural to the extent that the
system is able to address various inherently present dialogue phenomena, such as
ellipses, anaphora, ungrammaticalities, meta-language, context-dependent utterances,
corrections and reformulations, mixed initiative, miscommunications, uncooperative
user’s behavior, etc. The dialogue is consistent to the extent that the system is able to
dynamically capture and represent the meaning of the dialogue, and to evaluate the
user’s dialogue acts with respect to it. These tasks significantly differ from the
machine learning tasks such as speech recognition. At the conceptual level, they
inevitably require contextual analysis, which raises the important research question of
modelling the contextual information and the general knowledge of the interaction
domain. In other words, an approach to meaning representation in dialogue systems
should be analytically tractable and with the explanatory power.
This methodological requirement implies that the currently dominant practice of
applying statistical methods to language corpora in order to derive data-driven rules
for pattern recognition does not suffice. It is fair to say that the statistical approaches
are quite prevalent today in the field of language processing (Chomsky, 2011), and
often dogmatically anti-representational (Wilks, 2007). This trend is a consequence
of relative successes of statistical approaches – in comparison with the early
approaches based on logic and formal rules – over the last two decades in some
aspects of machine learning. The dogma reflects in the assumption that systems may
be trained to manage dialogues only by means of automated analysis of large corpora
(i.e., recorded conversations).
However, the state-of-the-art in the field shows that this assumption was much
too strong. Although significant scientific work was devoted and a number of
sophisticated prototype systems delivered, the requirement for a natural and
consistent machine dialogue still remains an elusive ideal. The general criticism
levelled at statistical approaches is that they are epistemic devices taking into account
only the external dialogue behaviour (cf. (Searle, 1993)), and ignoring the fact that
language is a biologically innate ability that involves different linguistic and
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mnemonic structures, and cognitive processes, that cannot be derived simply from
language corpora (cf. Chomsky, 2011, Chomsky, 2000). We propose that taking into
account the insights from behavioural and neuroimaging studies on various aspects of
the human language processing system (e.g., attention, memory, etc.) is a promising
research direction for further advancement of the field. The idea that the development
of intelligent machines should be based on modelling people is not new (cf. (Schank,
1980)), but it is only now that results of neuroimaging studies may shape the field of
human-machine interaction.
As a case in point, recent work of Gnjatović and colleagues introduces a
cognitively-inspired representational approach to meaning representation in dialogue
systems that integrate insights from behavioural and neuroimaging studies on
working memory operations and language-impaired patients. The approach is
computationally appropriate with respect that it is generalizable to different
interaction domains and languages, and scalable. For detailed argument, the reader
may consult (Gnjatović et al, 2012, Gnjatovic & Delic, 2012).
At the level of strategic challenges, it is reasonable to expect that the research
question of adaptive dialogue management will have one of the central roles in the
emerging fields of social and assistive robotics, and in the development of companion
technologies. The robots’ capacity to engage in a natural language dialogue would
significantly – if not crucially – contribute to establishing long-term social relations
to robots. Future prospects of the field of adaptive dialogue management include
many challenging research problems. We shortly state some of them, although the list
is by no means complete.
(1) Enabling the dialogue systems to manage multi-party dialogues in a dynamical
and rich spatial context. In general, the users and the system share two
interrelated contexts during the interaction – a verbal and a spatial context.
Information about the spatial context is often essentially important for
understanding and organizing communications (Bohus & Horovitz, 2010). It
implies that the system should be aware of the surrounding environment
(including the relevant interlocutors) in order to manage dialogue processes. For
example, the systems should be able to robustly process linguistic inputs that
instantiate different encoding patterns of motion events (e.g., bipartite and
tripartite spatial scene partitioning, etc., cf. (Gnjatovic et al, 2012 and 2013))
and spatial perspectives (e.g., user-centred frame of reference, etc., cf.
(Gnjatovic & Delic, 2013)).
(2) Investigation of the role of emotion and trust in human-machine interaction. An
aspect of this broad research direction is focused on the investigation of
linguistic cues for early recognition of negative dialogue developments, and
development of dialogue strategies for preventing and handling negative
dialogue development. The research on emotions is essentially supported by
corpora containing samples of emotional expressions. A methodological
challenge here is how to produce an appropriate, realistic emotion corpus in a
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laboratory setting. Reference (Gnjatovic & Rosner, 2010) proposes a substantial
refinement of the Wizard-of-Oz technique in order that a scenario designed to
elicit affected behaviour in human-machine interaction could result in realistic
and useful data. The proposed approach integrates two lines of research: taking
into account technical requirements of a prospective spoken dialogue system,
and psychological understanding of the role of the subject’s motivation. The
evaluation of the corpus reported in (Gnjatovic & Rosner, 2010) demonstrated
that it contains recordings of overtly signalled emotional reactions whose range
is indicative of the kind of emotional reactions than can be expected to occur in
the interaction with spoken dialog systems. Since the subjects were not restricted
by given predetermined linguistic constraints on the language to use, their
utterances are indicative of the way in which non-trained, non-technical users
probably like to converse with conversational agents as well.
Although in the last decade we have coincidentally witnessed the rapid increase
of research interest in affected user behaviour, research in this domain is usually
primarily concentrated on the detection of emotional user behaviour. However,
less attention is devoted to another important research question – how to enable
dialogue systems to overcome problems in the interaction related to affected
user behaviour. Adaptive dialogue management is a promising research
direction to address the latter question. Reference (Gnjatovic & Rosner, 2008)
discusses the basic functionalities of the adaptive dialogue manager, including
modelling contextual information (including the emotional state of the user),
keeping track of the state of the interaction, and dynamically adapting both
analytical and generative aspects of the system’s behaviour according to the
current state of interaction. In other words, this can be formulated as:
recognizing that a problem occurred in the interaction, providing support to the
user in an appropriate form – tailored to a particular problem and to the user’s
individual needs – and trying to advance the interaction.
(3) Enabling the dialogue systems to use reinforcement learning – e.g., by analyzing
the history of interaction and the profile of the user – in order to dynamically
adapt its dialogue strategy for a given user in a given situation. This is
particularly important for the development of long-term collaborative
conversational agents.
We take these research problems to be of great importance for increasing the
level of adaptivity of human-machine dialogues. Adaptive dialogue management is of
primary importance for increasing the level of naturalness of human-machine
interaction and, consequently, the level of acceptance of such interfaces by users.
Although considerable research effort is already to be noticed in this field, its
possibilities are by no means sufficiently explored. It is to be expected that further
advancements in this field will be influenced both by technological and socio-cultural
trends. Currently, there is an enthusiastic and (sometimes unduly) optimistic
atmosphere in the scientific community with respect to the anticipated progress. This
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might by partially influenced by the fact that cognitive sciences and robotics are, at
the moment, in the group of the research fields that are prioritized in fundraising
activities. However, the influence is mutual – a progress in the field may have a
strong influence on society, culture, economy, etc. This places even greater
responsibility on the researchers. One of the certainly most difficult challenges will
be to address many ethical issues raised by this technology, including military use,
unethical exploitation of human social drives (Bryson, 2000), giving the users a
misleading impression of the system’s expertise level (Weizenbaum, 1993), etc. A
great deal of the responsibility for unethical exploitations of scientific results lies
with the researchers. In words of the Joseph Weizenbaum, computer scientists do not
have the right to accuse politicians for leading their countries into wars – it would not
be possible without computer scientists.
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