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1 Research Interests In such cases, it is important to optimise surface realisa-
] ] o tion in a unified fashion with content selection and utter-
My research interests involeentext-sensitive, oradap-  5nce planning. To this end, we presented (Dethlefs and
tive, Natural Language Generation (NLG) for Situ-  cyayahuitl, 2011) an approach towards optimising con-
ated dialogue systems, especially forspoken interac-  ent selection and surface realisation in a unified fashion
tion. Context-sensitive situated dialogue systems are tyRsing Hierarchical Reinforcement Learning (HRL) with a
ically required to adapt flexibly to dynamic changes ofeward function specifically suited for surface realisatio
(@) properties of the situation or the spatial setting, SUofjje were able to show that optimising these processes
as visible objects, or the complexity of the environmentaingy achieved better results (in terms of task success
(b) properties of the user, such as their prior knowledgeng similarity with human surface form data) than opti-
goals, beliefs, and general information need, and (C) thjising them in isolation. | am also currently working on

dialogue history. In this context, I am mainly interesteqyc|yding the behaviour of other system components.
in applyingReinforcement L earning (RL) with hierar-

chical control and prior knowledge in several contexts of

ratherlarge-scale systems for complex domains. | have

also recently looked into thi®int optimisation of differ- 1.2 Reinforcement L earning for Situated Dialogue
ent system behaviours for interdependent decision mak-

ing between them. The idea of optimising a system’s behaviour using rein-
forcement learning is as follows: given a set of system
states, a set of actions, and an objective reward func-
Natural Language Generation systems that work in sittion, an optimal system strategy maximises the objective
ated domains and need to generate utterances incremé&mction by choosing the actions leading to the highest
tally are faced with a number of challenges: they need teeward for every reached state. One problem with flat
adapt their decisions to continuously changing linguisti®L is that it is affected by ‘the curse of dimensional-
and nonlinguistic contexts, as well as to the user’s propeity’, which means that the state space grows exponen-
ties, such as their individual information needs, and vetially in the number of state variables, limiting flat RL
bal or nonverbal responses to each generated utteranagents to small-scale applications. Including prior krowl
Generation decisions involve the tasks of content seleedge of a domain into an agent (Singh et al., 2002) there-
tion (‘what to say’), utterance planning (‘how to organisefore has two advantages: it reduces the search space, and
it') and surface realisation (‘how to express it'), whichallows us to pre-specify certain system strategies in ac-
can be in many ways related and interdependent. For tikerdance with expert knowledge of the domain, or em-
former two tasks, for example, there is a tradeoff betweepirical findings of studies with human participants. An-
how much information to include in an utterance (to in-other approach towards making RL scale to larger do-
crease task success), and how much a user can actuafigins and more complex problems is to use it with a
comprehend online in spoken interaction. With regard tdivide-and-conquer approach as in Hierarchical Rein-
surface realisation, decisions are often made accordifgrcement Learning, which has been applied to dialogue
to a language model of the domain. However, there agdrategy learning by Cuayahuitl (2009). | presented my
other linguistic phenomena, such as alignment, consifirst work on transferring HRL to language generation
tency, and variation, which can influence people’s assess Dethlefs and Cuayahuitl (2010). Since my own work
ment of discourse and generated output. Also, in dialogweals with language generation in a spoken, situated di-
the most likely sequence may not always be appropriatalogue system with a relatively large state-action space,
because it does not correspond to the user’s informatiom Dethlefs et al. (2011) we presented an approach that
need, the user is confused or lost, or the most likely s&ombines both hierarchical RL with a hierarchical Infor-
guence is infelicitous with respect to the dialogue historymation State capturing prior knowledge of the domain.
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A further future challenge is that dialogue agents willsatar Heeman. 2007TCombining Reinforcement Learn-
need to become more natural in their dialogue behaviour jng with Information-State update rules. Proceedings

and surface realisation choices in order to be more widely of HLT, Rochester, NY, USA, pages 268-275.

accepted as human-like interloctors in everyday intera%liver Lemon. 2011 .Learning what to say and how to
tion scenarios by a wide range of people. say it: joint optimization of spoken dialogue manage-

I am convinced that machine learning methods, in par- ment and Natural Language Generation. Computer
ticular reinforcement learning, will play an importanteol ~ Speech and Language, volume 25, issue 2, pages 210-
in addressing both of the outlined challenges. On the 221.
other hand, | believe that empirical research on humagatinder Singh and Diane J. Litman and Michael S.
cognition and linguistic behaviour will be essential inin- Kearns and Marilyn A. Walker . 20020ptimizing
forming systems and system behaviours in various ways. Dialogue Management with Reinforcement Learning:

Further, several recent approaches towards optimis- EXperiments with the NJFun System. Journal of Artif-

. . . ) e . ical Intelligence Research, volume 16, pages 105-133.
ing different behaviours of a system in a unified fashion

(Lemon, 2011; Cuayahuitl and Dethlefs, to appear; Dethy; ;
lefs and Cuayahuitl, 2011) have shown promising resulrt]gﬂOgralz)}‘ncaI Sketch
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scale to complex real-world applications. worked on collaborative projects on generating adaptive
spoken route instructions with the University of Mel-
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procedures for better comparability of research apated dialogue with the Centre for Language Technology
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3 Suggestionsfor Discussion

¢ Joint optimisation of the behaviours of different sys- |
tem components to achieve coherence and interd
pendent decision making.



