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Executive summary
This deliverable presents the prototypes developed in the CLASSiC project which use Reinforcement
Learning (RL) methods to develop Natural Language Generation (NLG) policies. The prototypes use
simulated users to train NLG policies, for Information Presentation policies in the TownInfo domain, and
for Referring Expression Generation in the SelfHelp domain (internet connection setup).
The results of the research in this deliverable have been published in the following papers: [1, 2, 3, 4, 5,
6, 7, 8, 9], all of which are available at www.classic-project.org
The deliverable falls naturally into 2 parts: research on RL for Information Presentation policies in the
TownInfo domain, and for Referring Expression Generation in the SelfHelp domain.
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Chapter 1

RL for Information Presentation policies in
the TownInfo domain

Work on evaluating SDS suggests that the Information Presentation (IP) phase is the primary contributor to
dialogue duration [10], and as such, is a central aspect of SDS design. During this phase the system returns
a set of items (“hits”) from a database, which match the user’s current search constraints. An inherent
problem in this task is the trade-off between presenting “enough” information to the user (for example
helping them to feel confident that they have a good overview of the search results) versus keeping the
utterances short and understandable.
In the following we show that IP for SDS can be treated as a data-driven joint optimisation problem, and
that this outperforms a supervised model of human ‘wizard’ behaviour on a particular IP task (presenting
sets of search results to a user).
A similar approach has been applied to the problem of Referring Expression Generation in dialogue [9].

1.1 Previous work on Information Presentation in SDS
Broadly speaking, IP for SDS can be divided into two main steps: 1) IP strategy selection and 2) Content
or Attribute Selection. Prior work has presented a variety of IP strategies for structuring information
(see examples in Table 1.1). For example, the SUMMARY strategy is used to guide the user’s “focus of
attention”. It draws the user’s attention to relevant attributes by grouping the current results from the
database into clusters, e.g. [11, 12]. Other studies investigate a COMPARE strategy, e.g. [13, 14], while
most work in SDS uses a RECOMMEND strategy, e.g. [15]. In a previous proof-of-concept study [16] we
show that each of these strategies has its own strengths and drawbacks, dependent on the particular context
in which information needs to be presented to a user. Here, we will also explore possible combinations of
the strategies, for example SUMMARY followed by RECOMMEND, e.g. [17].
Prior work on Content or Attribute Selection has used a “Summarize and Refine” approach [11, 18, 19].
This method employs utility-based attribute selection with respect to how each attribute (e.g. price or food
type in restaurant search) of a set of items helps to narrow down the user’s goal to a single item. Related
work explores a user modelling approach, where attributes are ranked according to user preferences [12,
20]. Our data collection and training environment incorporate these approaches.
This research is the first to apply a data-driven method to this whole decision space (i.e. combinations of
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Strategy Example utterance
SUMMARY

no UM
I found 26 restaurants, which have Indian cuisine. 11 of the restaurants are in
the expensive price range. Furthermore, 10 of the restaurants are in the cheap
price range and 5 of the restaurants are in the moderate price range.

SUMMARY

UM
26 restaurants meet your query. There are 10 restaurants which serve Indian
food and are in the cheap price range. There are also 16 others which are more
expensive.

COMPARE

by Item
The restaurant called Kebab Mahal is an Indian restaurant. It is in the cheap
price range. And the restaurant called Saffrani, which is also an Indian restau-
rant, is in the moderate price range.

COMPARE

by Attribute
The restaurant called Kebab Mahal and the restaurant called Saffrani are both
Indian restaurants. However, Kebab Mahal is in the cheap price range while
Saffrani is moderately priced.

RECOMMEND The restaurant called Kebab Mahal has the best overall quality amongst the
matching restaurants. It is an Indian restaurant, and it is in the cheap price
range.

Table 1.1: Example realisations, generated when the user provided cuisine=Indian, and where
the wizard has also selected the additional attribute price for presentation to the user.

Information Presentation strategies as well as attribute selection), and to show the utility of both lower-
level features (e.g. from the NLG realiser) and higher-level features (e.g. from Dialogue Management)
for this problem. Previous work has only focused on individual aspects of the problem (e.g. how many
attributes to generate, or when to use a SUMMARY), using a pipeline model for SDS with DM features
as input, and where NLG has no knowledge of lower level features (e.g. behaviour of the realiser). We
also show that lower level features significantly influence users’ ratings of IP strategies. In the research
carried out within the CLASSiC project we use a Reinforcement Learning (RL) as a statistical planning
framework [21] to explore the contextual features for making these decisions, and propose a new joint
optimisation method for IP strategies combining content structuring and attribute selection.
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Chapter 2

RL for Referring Expression Generation
policies in the Self-Help domain

We present a reinforcement learning framework to learn user-adaptive referring expression generation
(REG) policies from a data-driven user simulation. A user-adaptive REG policy allows the system to
choose appropriate expressions to refer to domain entities in a dialogue setting. For instance, in a technical
support conversation, the system could choose to use more technical terms with an expert user, or to use
more descriptive and general expressions with novice users, and a mix of the two with intermediate users
of various sorts (see examples in Table 2.1).
In natural human-human conversations, dialogue partners learn about the other person and adapt their
language to suit their domain expertise [22]. This kind of adaptation is called Alignment through
Audience Design [23, 24, 25]. Some current Spoken Dialogue Systems (SDS) incorporate user-adaptive
behaviour. However, most such systems assume that the user’s domain knowledge is accurately known
beforehand [26].
In contrast, we assume that the users interacting with SDS are mostly unknown to the system and therefore
the SDS must be capable of observing the user’s dialogue behaviour, modelling his/her domain knowledge,
and adapting accordingly, just like human interlocutors. As a dialogue progresses, the SDS must estimate
the likely lexical knowledge of the user. We present a corpus-driven framework using which a user-
adaptive REG policy can be learned, by employing reinforcement learning [27]. We show that these
learned policies perform better than handcoded policies by almost 9% in terms of accuracy of adaptation.
We also compared the performance of policies learned using hand-coded and data-driven simulations and
show that data-driven simulations produce better policies than hand-coded ones.

Jargon: Please plug one end of the broadband
cable into the broadband filter.
Descriptive: Please plug one end of the thin
white cable with grey ends into the
small white box.

Table 2.1: Referring Expression examples for 2 entities, from the corpus

4
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2.1 Related work
There are several ways in which NLG systems adapt to users. Some of them adapt to a user’s goals,
preferences, environment and so on. Our focus in this study is restricted to the user’s lexical domain
expertise. Several NLG systems adapt to the user’s domain expertise at different levels of generation
- text planning [28, 29], complexity of instructions [30], referring expressions [31], and so on. Some
dialogue systems, such as COMIC, have also incorporated NLG modules that present appropriate levels
of instruction to the user [26]. However, in all the above systems, the user’s knowledge is assumed
to be accurately represented in an initial user model using which the system adapts its language. In
contrast to all these systems, our adaptive REG policy knows nothing about the user when the conversation
starts. It gradually builds the user model and exploits it by re-estimating the users’ expertise during the
conversation.
Reinforcement Learning (RL) has been successfully used for learning dialogue management policies since
[32]. The learned policies allow the dialogue manager to optimally choose appropriate dialogue acts such
as instructions, confirmation requests, and so on, under uncertain noise or other environment conditions.
Rieser and Lemon [33, 34] recently presented a model to learn information presentation strategies using
reinforcement learning. In contrast, we present a framework that learns to choose appropriate referring
expressions based on a user’s domain knowledge. Similar work has been reported by [35]. However, this
approach was not corpus-driven and only used a hand-coded user simulation.
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Chapter 3

Description of Code associated with this
deliverable

The learned policies were developed using the REALL toolkit [36, 37] as described in detail in [8, 9].
Once trained, the policies can be loaded into the REALL toolkit (java), and are then interfaced with our
spoken dialogue systems using an interface to REALL. In the case of integration within CLASSiC System
1, a JNI interface to REALL was developed.
Within System 1, the NLG component reads in the dialogue act output by the DM component and gen-
erates natural language responses in the form of text plus Baratinoo TTS tags (e.g. for speech pitch and
rate) using Edinburgh’s NLG module. The EdinNLG module is a semantic output component which is
switchable with other different semantic output components via the system config file. The module is
comprised of a C++ interface component and a core NLG realiser which is a package of Java programs.
The C++ component interacts with the core realiser via JNI (Java Native Interface).
Once the realiser gets the inputs from DM via JNI, it sends a request which contains the user filled slots,
unfilled slots and the number of DB hits to the REALL server. REALL then outputs the NLG actions
based on the trained policy and the input features. The realiser then generates the sentences based on the
REALL policy and the DM inputs, and then sends generated sentences to the DM via the JNI interface.
In the final CLASSiC TownInfo System 1, the EdinNLG module is called whenever the dialogue act is an
“Offer” or ”FindAlt” act. It then uses a learned NLG policy, which has been trained using the simulated
users described in D3.3, which were built using the Wizard-of-Oz data collected in D6.1.1.
An example input DA is:
inform(name="Cafe Adriatic", type=restaurant, near="Williams Art and Antiques", food="Takeaway
pizza")

The fully trained NLG module from WP4 can choose combinations of Summary, Compare, and Recom-
mend actions. In order to ensure compatibility with the output actions chosen by the DM component, the
learned NLG component is restricted in System 1, so that its chosen NLG action always ends with the
recommendation required by the DM.
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Chapter 4

Abstracts of publications associated with
this deliverable

The following publications [1, 2, 3, 4, 6, 7, 8, 9] are associated with the work presented in this deliverable
and are available at www.classic-project.org

4.1 “Optimising Information Presentation for Spoken Dialogue
Systems” (ACL 2010)

Authors: Verena Rieser and Oliver Lemon and Xingkun Liu

Publication venue: ACL 2010 (Annual Conference of the Association for Computational Linguis-
tics, 2010

Abstract:

We present a novel approach to Information Presentation (IP) in Spoken Dialogue Systems (SDS) using a
data-driven statistical optimisation framework for content planning and attribute selection. First we collect
data in a Wizard-of-Oz (WoZ) experiment and use it to build a supervised model of human behaviour. This
forms a baseline for measuring the performance of optimised policies, developed from this data using
Reinforcement Learning (RL) methods. We show that the optimised policies significantly outperform the
baselines in a variety of generation scenarios: while the supervised model is able to attain up to 87.6% of
the possible reward on this task, the RL policies are significantly better in 5 out of 6 scenarios, gaining up
to 91.5% of the total possible reward. The RL policies perform especially well in more complex scenarios.
We are also the first to show that adding predictive “lower level” features (e.g. from the NLG realiser) is
important for optimising IP strategies according to user preferences. This provides new insights into the
nature of the IP problem for SDS.
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4.2 “Learning to Adapt to Unknown Users: Referring Ex-
pression Generation in Spoken Dialogue Systems” (ACL
2010)

Authors: Srini Janarthanam and Oliver Lemon

Publication venue: ACL 2010 (Annual Conference of the Association for Computational Linguis-
tics, 2010

Abstract:

We present a data-driven approach to learn user-adaptive referring expression generation (REG) policies
for spoken dialogue systems. Referring expressions can be difficult to understand in technical domains
where users may not know the technical ‘jargon’ names of the domain entities. In such cases, dialogue
systems must be able to model the user’s (lexical) domain knowledge and use appropriate referring expres-
sions. We present a reinforcement learning framework in which the system learns REG policies which can
adapt to unknown users online. Furthermore, unlike supervised learning methods which require a large
corpus of expert adaptive behaviour to train on, we show that effective adaptive policies can be learned
from a small dialogue corpus of non-adaptive human-machine interaction, by using a RL framework and
a statistical user simulation. We show that in comparison to adaptive hand-coded baseline policies, the
learned policy performs significantly better, with an 18.6% average increase in adaptation accuracy. The
best learned policy also takes less dialogue time (average 1.07 min less) than the best hand-coded pol-
icy. This is because the learned policies can adapt online to changing evidence about the user’s domain
expertise.
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4.3 “Natural Language Generation as Planning Under Uncer-
tainty for Spoken Dialogue Systems” (Book chapter)

Authors: Verena Rieser and Oliver Lemon

Publication venue: Empirical Methods in Natural Language Generation 2010 (Book chapter)

Abstract:

We present and evaluate a new model for Natural Language Generation (NLG) in Spoken Dialogue Sys-
tems, based on statistical planning, given noisy feedback from the current generation context (e.g. a user
and a surface realiser). The model is adaptive and incremental at the turn level, and optimises NLG ac-
tions with respect to a data-driven objective function. We study its use in a standard NLG problem: how to
present information (in this case a set of search results) to users, given the complex trade-offs between ut-
terance length, amount of information conveyed, and cognitive load. We set these trade-offs in an objective
function by analysing existing MATCH data. We then train a NLG policy using Reinforcement Learning
(RL), which adapts its behaviour to noisy feedback from the current generation context. This policy is
compared to several baselines derived from previous work in this area. The learned policy significantly
outperforms all the prior approaches.
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4.4 “Learning Adaptive Referring Expression Generation Poli-
cies for Spoken Dialogue Systems” (Book chapter)

Authors: Srini Janarthanam and Oliver Lemon

Publication venue: Empirical Methods in Natural Language Generation 2010 (Book chapter)

Abstract:

We address the problem that different users have different lexical knowledge about problem domains, so
that automated dialogue systems need to adapt their generation choices online to the users’ domain knowl-
edge as it encounters them. We approach this problem using Reinforcement Learning in Markov Decision
Processes (MDP). We present a reinforcement learning framework to learn adaptive referring expression
generation (REG) policies that can adapt dynamically to users with different domain knowledge levels.
In contrast to related work we also propose a new statistical user model which incorporates the lexical
knowledge of different users. We evaluate this framework by showing that it allows us to learn dialogue
policies that automatically adapt their choice of referring expressions online to different users, and that
these policies are significantly better than hand-coded adaptive policies for this problem. The learned
policies are consistently between 2 and 8 turns shorter than a range of different hand-coded but adaptive
baseline REG policies.
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4.5 “Natural Language Generation as Planning Under Uncer-
tainty for Spoken Dialogue Systems” (EACL 2009)

Authors: Verena Rieser and Oliver Lemon

Publication venue: EACL 2009 (European Conference of the Association for Computational Lin-
guistics)

Abstract:

We present and evaluate a new model for Natural Language Generation (NLG) in Spoken Dialogue Sys-
tems, based on statistical planning, given noisy feedback from the current generation context (e.g. a user
and a surface realiser). We study its use in a standard NLG problem: how to present information (in this
case a set of search results) to users, given the complex trade-offs between utterance length, amount of
information conveyed, and cognitive load. We set these trade-offs by analysing existing MATCH data. We
then train a NLG policy using Reinforcement Learning (RL), which adapts its behaviour to noisy feedback
from the current generation context. This policy is compared to several base- lines derived from previous
work in this area. The learned policy significantly outperforms all the prior approaches.
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4.6 “A User Simulation Model for learning Lexical Alignment
Policies in Spoken Dialogue Systems” (ENLG 2009)

Authors: Srini Janarthanam and Oliver Lemon

Publication venue: European workshop on Natural Language Generation 2009

Abstract:

We study the problem of lexical alignment between dialogue participants, using the practical example
of troubleshooting dialogue systems. We address the problem that different users have different lexical
knowledge about problem domains, so that automated dialogue systems need to adapt online to the differ-
ent lexical choices of these users as it encounters them. We approach this problem using policy learning
in a Markov Decision Process (MDP). In contrast to related work we propose a new statistical user model
which incorporates the lexical knowledge of different users. We evaluate this user model by showing that
it allows us to learn dialogue policies that automatically adapt their lexical choice online to new users,
and that these policies are significantly better than threshold-based adaptive hand-coded policies for this
problem. The learned policies are consistently between 2 and 8 turns shorter than a range of different
hand-coded baseline lexical alignment policies.
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4.7 “User simulations for online adaptation and knowledge-
alignment in Troubleshooting dialogue systems” (SEM-
dial 2008)

Authors: Srini Janarthanam and Oliver Lemon

Publication venue: Proceedings of SEMdial 2008

Abstract:

We study the problem of alignment between dialogue participants, using the practical example of trou-
bleshooting dialogue systems. Recent work on troubleshooting concerns automated spoken dialogue sys-
tems which support users who need to re- pair their internet connection. We address the problem that
different users have different types of knowledge of problem do- mains, so that automated dialogue sys-
tems need to adapt online to the different know- ledge of these users as it encounters them. We approach
this problem using policy learning in a Markov Decision Process (MDP). In contrast to related work we
pro- pose a new user model which incorporates the different conceptual knowledge of different users,
together with an environment simulation. We show that this model allows us to learn dialogue policies
that automatically adapt online to new users, and that these policies are significantly better than threshold-
based adaptive hand-coded policies for this problem.
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4.8 “ Adaptive Natural Language Generation in Dialogue us-
ing Reinforcement Learning” (SEMdial, 2008)

Authors: Oliver Lemon

Publication venue: Proceedings of SEMdial 2008

Abstract:

This paper presents a new model for adaptive Natural Language Generation (NLG) in dialogue, show-
ing how NLG problems can be approached as statistical planning problems using Reinforcement Learn-
ing. This approach brings a number of theoretical and practical benefits such as fine- grained adaptation,
generalization, and automatic (global) optimization. We present the model and related work in statisti-
cal/trainable NLG, discuss its applications, and provide a demonstration of the approach, showing policy
learning for adaptive information presentation decisions (Contrast, Cluster, or List items). An adaptive
NLG policy learned in our framework shows a statistically significant 27% relative increase in reward
over an RL-majority baseline policy for the same task. We thereby also show that that such NLG prob-
lems should be approached in combination with dialogue management decisions, and we show how to
jointly optimize NLG and dialogue management plans.
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