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“I know I’ve made some very poor decisions recently, but I can give you my
complete assurance that my work will be back to normal. I’ve still got the
greatest enthusiasm and confidence in the mission. And I want to help you.”
(HAL-9000 in 2001 A Space Odyssey)
In the 1960s, AI researchers were predicting that machines capable of spoken dialogue behaviour, somewhat like the example above, would be possible within a few
decades. Fifty years later, we are still confronted with very difficult problems in AI,
but we have powerful new tools with which to address the spoken dialogue problem.
The research landscape in spoken dialogue systems has undergone significant
changes over the past decade. This transformation has been the result of new momentum and fresh insights coming from the investigation of data-driven, statistical
machine learning methods in three core areas of dialogue system research: Spoken
Language Understanding, Dialogue Management, and Natural Language Generation.
These methods hold the promise of mathematically precise approaches to system design, optimisation, and evaluation, based on data collected from real user interactions
with dialogue systems. The papers collected together in this special issue represent important themes in these research areas, and illustrate current research directions in
the field. As such, we hope that they will form a valuable resource for the international
community of dialogue system researchers, both in industry and academia.
Speech and language processing techniques have now achieved such a level of maturity that voice-enabled user interfaces are widely deployed, and have created a billion
dollar industry. However, the design and development of these interfaces is far from being a simple and standardised process. Indeed, it is not enough to simply plug together
speech recognition and synthesis systems: recognised speech must be understood in
the context of the application, the overall interaction must be appropriately managed,
and spoken language must be suitably generated to improve overall system efficiency
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and naturalness. Although high level scripting languages exist [W3C 2008] for the
rapid design of new speech interfaces, their use is still limited when dialogue tasks
become complex.
In the area of dialogue management, machine learning, and especially Reinforcement Learning (RL) [Sutton and Barto 1998], for optimisation of interaction policies is
now part of the state-of-the-art. Dialogue management can be represented as a sequential decision making problem where the dialogue manager decides which information
to request, confirm, or generate for the user. This decision depends on the current
dialogue context and some notion of the overall system goals, which can be represented as a reward (also called ‘objective’) function for each dialogue decision. This
model has therefore been investigated in the paradigm of Markov Decision Processes
(MDPs) [Levin et al. 1997; Singh et al. 1999; Scheffler and Young 2001; Pietquin and
Dutoit 2006; Frampton and Lemon 2009; Henderson et al. 2008; Rieser and Lemon
2011]. All systems face the problem of uncertainty about the current dialogue context
(for instance, due to imperfect speech recognition or speech understanding). Partially
Observable MDP (POMDPs) offer methods for directly representing uncertainty, and
have become an important recent focus of investigation [J. Williams and Young 2005;
Young 2006; Williams and Young 2007].
Another important area concerns the small amount of data generally available for
learning and testing dialogue strategies. These data sets do not in general contain
enough information to explore the whole space of dialogue states (and of strategies),
and so dialogue simulation is often required to expand the existing dataset – therefore
stochastic dialogue modeling and simulation has become a research field in its own
right [Singh et al. 1999; Scheffler and Young 2001; Pietquin and Dutoit 2006; Levin
et al. 2000; López-Cózar et al. 2003; Pietquin 2005; Georgila et al. 2005; Schatzmann
et al. 2006]. User simulations for different types of user, and for training adaptive
natural language generation, are a particular new focus of interest.
Other areas related to spoken dialogue have also benefited from machine learning
research – for example context-sensitive speech recognition [Gabsdil and Lemon 2004;
Jonson 2006; Lemon and Konstas 2009], trainable natural language generation (e.g.
the SPOT system, [Walker et al. 2001]), statistical parsing for dialogue (e.g. the HVS
parser [He and Young 2003]) and adaptive TTS (emphasis, prosody etc.).
In this special issue dedicated to “Machine Learning for Adaptivity in Spoken Dialogue Systems”, we focus on these areas of dialogue processing that have benefited
from recent advances in machine learning. This issue follows two successful special
sessions of Interspeech organised at Antwerp (Belgium) in 2007 [Lemon and Pietquin
2007] and Brighton (UK) in 2009, showing the growing interest in this research. This
field is also supported by several currently funded national and international research
projects, such as the European FP7 project “Computational Learning in Adaptive Systems for Spoken Conversation” (CLASSiC: www.classic-project.org) within which the
editors collaborate.
These approaches are now being adopted to varying degrees in commercial systems,
and have had significant impact in international shared challenges such as the Spoken
Dialogue Challenge (SDC: www.dialrc.org/sdc/), where half of the 2010 competitors
fielded statistical systems trained with machine learning techniques.
Looking ahead, it seems that statistical learning-based approaches to dialogue systems are here to stay, but that significant challenges still remain. Not least of these is
included in the title of this special issue: “adaptivity”. This concept captures the fluid
and natural manner in which humans interact conversationally with their dialogue
partners. This involves rapid adaptation to a changing context, including repair of
mis-hearings and misunderstandings, and the design of dialogue contributions which
are appropriate to that context, including tailoring of generated language to a dynamic
ACM Transactions on Speech and Language Processing, Vol. 0, No. 0, Article 0, Publication date: 2011.

0:3

model of the user. Real users show vast variations in their behaviour, vocabulary, interaction style, preferences, and changing conceptualisation of the task domain, and
the next generation of dialogue systems will need to adapt and learn about these variations during interaction. The past decade has given us important new tools with which
to approach these problems in a principled and data-driven manner.
We hope that newcomers to this area will find it as exciting and stimulating as we
have, and that the cross-section of papers collected here will inspire new ideas and
directions for future research.
Oliver Lemon & Olivier Pietquin
Associate Editors
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