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Abstract

This thesis describes the design, implementation, and evaluation of a dialogue
management system. The system is based on current theories of planned di-
alogue, produced by an intentional agent whose plan is derived from beliefs
about the domain state, and beliefs about plan rules. The planner is used to
generate the alternatives in a game tree, which is evaluated in the context
of the agent’s probabilistic nested belief model. It is shown using simulation
experiments that the efficiency of the generated dialogues is dependent on
knowing the value of the agent’s probabilistic beliefs, which justifies the use
of such a model in dialogue management, rather than the more traditional
logical belief model. Similar experiments are used to evaluate a set of negoti-
ation acts, which are built-in acts that the agent can use to pass information
about beliefs that increases the expected utility of domain-level plans. The
negotiation planner replaces meta-level dialogue planners, which in the past

have been used to generate dialogues using a logical belief model.
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Chapter 1

Introduction

Planning and plan recognition have been identified as mechanisms for the
generation and understanding of dialogues. Founded on speech act theory
[6] [65], and Grice’s theory of meaning [27], a body of research has devel-
oped that views cooperative dialogue as a joint activity of generation of acts
by a speaker, and then plan recognition and response by the hearer [10]. Tt
was soon realised that in this process, different belief sets are involved [53].
The speaker’s beliefs are used in the generation part, whereas the hearer’s
beliefs are used in plan recognition, and generation of a cooperative response.
To plan a dialogue of many steps, a deeply nested belief model is required,
whereby one agent may generate an expectation of the other’s dialogue con-

tribution by estimating its beliefs.

1.1 Motivation

While a theory of dialogue planning has developed, the use of deeply nested
belief models has not filtered through to the development of dialogue planning

systems. Instead, most systems employ strategies that do not change with



the user’s beliefs. McTear [49] reports that the popular architectures used
today - finite state and frame-based, do not employ a model of the user.
However, agent-based architectures, in which the system models its user as
an autonomous agent with a belief state and plan rules, have not been shown
to have any definite advantage over the simpler architectures, in terms of
the quality of the dialogue [41], [3], [69]. The need for a system that
produces measurably better dialogues than the architectures in use today is
the primary motivation for this thesis.

A secondary motivation stems from the need for a system that can be
easily understood by, and easily programmed by dialogue system designers.
They should only be required to know something about the specification of
dialogue plan rules, rather than about the use of the user model, or the mech-
anisms that choose dialogue strategies, or the mechanisms that understand
the user’s plan. These mechanisms turn out to be quite complex, and so their
hiding is important. Today, the VoiceXML language [46] provides such a
facility for state-based dialogue systems, whereby the designer need only go
so far as to specify states and their transitions. The VoiceXML interpreter
then uses this specification to control the dialogue.

A tertiary motivation is the need for a freely available design and imple-
mentation of an agent-based planner, that can serve as the basis for further

research and development of dialogue management systems.

1.2 Objectives

With the motivations in mind of producing an agent-based dialogue system
that is both easy for the designer to use, and produces better quality dia-

logues, the work reported in this thesis sought to achieve:



e The development of a model of dialogue planning, founded on current
theories of cooperative dialogue. Such a model is required so that the
dialogue acts chosen by the system can be understood by a user whose
expectation is based on that model. Symmetrically, the system must
be able to understand the user, who generates his dialogue acts using

that model.

e The integration with this model of a suitable representation of the sys-
tem’s nested beliefs, since these beliefs determine the dialogue acts that
each agent is expected to choose. The nested beliefs were to represent

the system’s own beliefs, as well as its beliefs about the user.

e Development of a mechanism for planning efficient dialogue, that con-

siders the system’s nested beliefs in the choice of a dialogue strategy.

e The implementation of a dialogue manager based on this mechanism,
taking as input a set of dialogue plan rules given by the dialogue sys-
tem designer, and from these automatically generating dialogue acts
by planning a dialogue with the user. From the rules alone, it would
automatically acquire a nested belief model, improving the efficiency
of future dialogues as the model is fitted to the user. The system
would be domain independent and useful to designers of dialogue sys-
tems without requiring them to understand its inner workings. It is
common in designing dialogue systems to separate the components of
dialogue management, and generation and recognition of user input
and output. Therefore, the planner was not intended to be a complete
natural language system. Rather it was intended as the dialogue man-
ager component of such a system, which could equally well be used

with alternative dialogue modalities, such as a graphical user interface,



or even in dialogues that mix spoken acts with physical acts that are
seen rather than heard. The planner should be made available in the
public domain as "PED” (Planner for Efficient Dialogue) to facilitate

further research in dialogue management systems.

Demonstration of the implemented dialogue manager by means of a
set of example problems. While the implemented planner was not
subjected to a correctness proof, which would show correctness in all
circumstances, example problems provide a handful of samples of the
planner’s behaviour, which can be checked by hand. While the exam-
ples are not intended to represent the entire space of dialogue planning
problems, they nevertheless provide evidence that a number of impor-
tant problems can be solved by the planner. Since the planner is written
in a high-level programming language, Prolog, a correctness proof of
the program code would be almost trivial, because the specification to
which the planner is proved to adhere would have been almost identical

to the program code.

Calculation of the efficiency gain that can be achieved by using a prob-
abilistic nested belief model in a dialogue system in the context of
the example problems. This gain represents the difference in quality
between the best dialogue that can be planned without using a user
model, and the quality that the planner achieves in exploiting the user
model. If the gain is substantial, then the planner can compete with
current dialogue managers. A comparison between traditional logical

models of belief, and probabilistic models was also to be made.

Development of a set of domain-independent dialogue acts which can

be used in the generation of negotiation dialogues. The negotiation di-



alogue uses as its subject domain-level plan alternatives that are spec-
ified by the planner’s ordinary plan rules. These acts are common to
many dialogues, and so they are built in to the system, rather than ex-
pressed in the planner’s input. Using these acts, a negotiation planner
was to be developed for producing meta-level dialogues about a domain

plan.

1.3 The structure of the thesis

The next chapter, chapter 2, introduces the subject of planning in dialogue
systems, to provide a foundation for the planner’s design, and to relate the
planner to planning problems, and planning systems that have been discussed
in the past. It describes the nature of action, planning and intentional agents,
and the cooperative process of planning and plan recognition. It is shown
that the nested beliefs of the agents, as well as what they say, determine the
meaning of their dialogue acts. Since this thesis is about efficient dialogue,
game theory is introduced to provide a mechanism for choosing between
alternatives of differing value.

Chapter 3 describes the planning model and design of the planner, draw-
ing from the foundations provided in chapter 2. The chapter starts by defin-
ing the requirements of the planner, and giving a set of assumptions about
the problem setting. Then, the design components are explained, and an
example is used as an illustration. The agent’s state is described in terms
of beliefs, desires, and the dialogue history. Then the set of processes that
use and update this state is described - the planner which generates the
plan alternatives, the evaluator which evaluates them so one can be chosen,

and belief revision, which updates the agent’s mental state in response to



observed actions.

Chapter 4 illustrates how the planner can be used to solve two practical
dialogue problems. The utility gains that the planner can obtain by using
belief revision to adapt the probabilistic belief model to the user are estimated
using simulation. The subject of the first example is that of deciding whether
to say something that has little dialogue cost, but risks plan failure due to
misinterpretation, or whether to use an alternative whose meaning is clearer.
The subject of the second example is that of deciding whether to pursue a
goal by introducing it to the dialogue. The agent must decide whether it is
better for him to take the initiative and risk plan failure, or whether to allow
the other agent, who knows whether the plan will fail, to take the initiative
instead. Continuing from this planning problem, a demonstration is given
of the planner adapting its belief model to a user over the course of several
dialogues.

Chapter 5 looks at the use of built-in negotiation acts, and how they can
be used to efficiently pass information about the agents’ beliefs so that they
can improve the expected utility of their domain-level plan. Again a set of
demonstrations is given which indicates the utility gain obtained by using a
planner that can adapt a probabilistic belief model to its dialogue partner.
The demonstrations compare the use of the different negotiation acts in some
simple problems in a cookery domain.

Chapter 6 looks at some ideas for future work. Some of the ideas are
improvements that can be made to the design and implementation of the
planner. Comparisons with other planning algorithms are proposed, and
evaluation in a human setting, rather than a simulated setting is discussed.

Chapter 7 concludes the thesis, discussing the objectives, and what has

been done to achieve them.



There is an appendix, which serves as a guide to the implemented planner,
giving a brief description of the code modules, formally defining the input file
syntax, and guiding the reader to the experiment materials that correspond

with the demonstrations.



Chapter 2

Planning of Dialogue

2.1 Introduction

In this chapter a wide range of research is described that addresses the topic
of dialogue planning, and which forms the foundations of the work presented
in the following chapters. Planning is used in dialogue systems in two ways.
Most obviously, it is used in deciding what to say. As well, it is used in
understanding what has been said, by performing plan recognition in re-
constructing a plan that is consistent with the speaker’s utterance and the
dialogue history. An overview will be given of classical planning, derived
from robot planning problems. Where there are two agents who cooper-
atively act, the topic of plan recognition becomes important, as does the
planning of cooperative responses to recognised plans.

The chapter begins by introducing planning systems in Section 2.2. Then,
the BDI agent model is discussed in Section 2.3. This is a logical model of the
mental state of the planning agent. Speech act theory is described in Section
2.4, which provides a link between planning and language production. The

topic of plan recognition is introduced in Section 2.5, as a prerequisite to



understanding of planned dialogue. Meta-level planning, where dialogues are
planned that track, modify and support a domain level plan is described in
Section 2.6. The combination of planning and plan recognition in producing
cooperative responses to a user is described in Section 2.7. A Section on
user modelling, Section 2.8, describes the representation, acquisition and
maintenance of user models in a dialogue system. In contrast to symbolic
planning of dialogue, Section 2.9 describes systems that plan and understand
dialogue by ignoring plan structures and using statistical information instead.
Section 2.10 describes game theory, which will be used as a quantitative basis
for deciding dialogue strategies. Section 2.11 describes approaches to loosely
coupled plan decomposition and coordination among agents, and relates these
to the problem of dialogue planning. Section 2.12 describes generic or shell
systems that use user modelling, which can be programmed with dialogue
plan rules to produce a dialogue system. Finally, Section 2.13 describes

measures that are used to evaluate dialogue systems.

2.2 Planning

In planning systems, actions are functions from states to states. Actions
are chosen by an agent, who must construct an ordered sequence of them,
transforming a given initial state to a final state. The states are descriptions
of the world, and so are represented by propositions in a logical language.
It is assumed that within this world, the only changes that occur are those
due to the planning agents. The set of states may not be finite, and so
the set of pairs of states required to describe the function over its domain
may not be finite, yet the function needs to be expressed as compact rules.

In the STRIPS planning system [21], actions are realised as a mechanism

10



that checks entailment of a precondition proposition by the given state, and
then adds and deletes propositions from a set of conjoined propositions using
add and delete lists. The states are described using a simplified language of
sets of atomic predicates over objects. The planner typically uses a search
algorithm with heuristics to obtain a sequence that takes the agent from its
observed initial state to its goal state.

For some problems, planning using STRIPS can be impractical, since it
can require searching of very long chains of low-level actions. Hierarchical
planning [60] addresses this problem by adding decomposition rules to the
planning system. This allows aggregations of steps to be represented as well
as more basic steps, producing shorter chains and thereby often reducing the
search time. For example, a robot who needs to assemble a car would be able
to construct a high level plan that checks for available parts and supplies
for each assembly task, before proceeding to planning the individual arm
movements that constitute one assembly task. This allows infeasible plans
to be rejected before the low-level planning is done. Hierarchical planning
proceeds by a combination of decomposition chaining and precondition-effect
chaining. In particular, decomposition has emerged as simple and effective
representation for dialogue planning rules, and forms the foundation for most
dialogue planning and plan recognition models. By using decomposition,
the language of dialogue act sequences can be expressed using a context-
free grammar. For this reason, sets of plan rules are often called ”dialogue

grammars’ .

11



2.3 Belief, desire and intention

When one agent reasons about the plans of other agents, it must consider
that the preconditions to actions are evaluated in the context of not its own,
but rather the other agent’s beliefs. Such beliefs can be about the agent’s
capabilities with respect to actions, represented as the plan rules that it
holds, their effects, or about the environment state. Beliefs are expressed
using a modal logic [34], whereby a modal operator B is used to express
that an agent believes a proposition. The agent is taken to consider a set of
worlds, each of which corresponds with a consistent set of propositions that
hold in that world. The intersection of all of the sets of propositions of the
possible worlds constitutes the propositions that the agent believes. Those
propositions that occur in only some of the sets are considered possible,
while those that occur in none of the worlds are disbelieved. The beliefs can
be nested, since propositions to which the belief operator has been applied
are also propositions. To formally define the semantics of a modal logic, a
Kripke model is used [42], which is a set of worlds, and an accessibility
relation between worlds. A sentence B(P) holds in a world w1 if and only if
for every world w2 accessible from w1, P holds. A number of axioms can be
introduced, whose validity depends on certain constraints on the accessibility

relation. One useful set of axioms is KD45, given below.

K : B(A) A B(A — B) — B(B)

D : B(A) — ~B(-A) o
4: B(A) — B(B(A))

5:=B(A) — B(~B(A))

The language of belief can be extended so that an agent may have be-

12



liefs about other agents, allowing the agents to reason about one another’s
plans. For example, the following sentence might be generated by agent X,

expressing that agent Y believes that agent Z believes P.

B(Y, B(Z, P)) (2.2)

An agent is said to know a proposition only if the proposition can be
proved and only if it can be proved that the agent believes the proposition.
Agent A might then claim ”"agent B knows P”, which means that both agent
A believes P and that agent A believes that agent B believes P.

P A B(P) < K(P) (2.3)

A common metaphor for reasoning about agents, for designing agents,
and for designing agents that reason about other agents is that of a mental
state consisting of beliefs, desires and intentions [17]. This is known as a
BDI model or BDI architecture [7]. In Rao and Georgeft’s decision model
for BDI agents [55], the desires of the agent describe the preferred goal
states, in the same sense of a goal as in STRIPS planning. For each of the
agent’s possible worlds, generated by its beliefs, desires and intentions, there
is a time-tree structure that represents the actions of the agent on its edges
and states at the nodes. The agent’s goals can be any consistent subset
of its desires. A subset of the the possible worlds will have corresponding
time-trees that are consistent with a goal. These are called the goal-accessible
worlds. The agent must choose and commit to one goal. The worlds in which
the agent is committed to a goal are the intention-accessible worlds, which
are a subset of the goal-accessible worlds. A number of BDI architectures
have been proposed, for example IRMA [7] and PRS [24], in which the

agent’s mental state is composed of beliefs, desires and intentions, and in
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which the agent executes a cycle of observation of the environment, update
of beliefs, deliberation of over intentions, and execution of an intended plan.

The planner developed in this thesis will also use a BDI architecture.

2.4 Speech act theory

Speech act theory [6] [65] treats language as action, so that it can be planned
just as any physical action can. In common with physical acts, speech acts
have certain preconditions, and can be said to have effects in the environ-
ment. In contrast to physical acts, the effects are more in the mental state
and subsequent actions of the hearer rather than a direct physical effect. A
speech act is a composition of different acts. The locutionary act is the act of
saying something, whereby the hearer becomes aware of an utterance. The
success of the speech act depends on the success of the locutionary act. As-
sociated with the locutionary act is an illocutionary act. There are different
types, of differing ”illocutionary force”, often identified by different explicit
performative verbs, such as ”inform” or "request”. To define illocutionary
acts within the STRIPS planning system, Bruce [8], Perrault and Allen [51]
and Allen and Perrault [1] developed a set of schemas. They defined a re-
quest act, whose precondition was that the speaker intends the act being
requested, and whose effect was that the hearer intended the act. They also
defined a family of inform acts, whose preconditions were that the speaker
knew the proposition being informed and whose effects were that the hearer

knew the proposition. These schemas are repeated here.

name: request
parameter: P
precondition: intend (speaker,P)

14



effects:

name:

parameter:

precondition:

effect:

name:

parameter:

precondition:

effect:

name:

parameter:

precondition:

effect:

{ intend(hearer,P),

know(hearer, intend (speaker,P))

inform

p

know (speaker,P)

{ know(hearer,P),

know (hearer,know(speaker,P))

informref

TERM, P

knowref (speaker, TERM,P)

{ knowref (hearer,TERM,P),

know(hearer,knowref (speaker, TERM,P) )

informif

P

knowif (speaker,P)

{ knowif (hearer,P),

know (hearer,knowif (speaker,P))

While this was a good first cut, there are some problems, the most im-

portant of which is that they ignore the autonomy ( free will ) [78] of the

hearer in deciding whether to believe what is informed, and deciding whether

15



to intend what is requested. This is due to the use of effects lists. Appelt, in
his logical formulation of the planning of speech acts, also uses hard-coded
effects lists to realise effects [5]. A weaker and more acceptable set of ef-
fects is that the hearer only believes that the speaker believes P or that the
hearer believes that the speaker intends P. Even these are too strong, since
if an agent is allowed to insincerely request and inform, the hearer might not
recognise sincere acts as being sincere, and so their effects would not occur.
It seems that effects lists need to be done away with altogether, and this ap-
proach is successfully taken in this thesis. A second problem is the use of the
term ”"know” instead of "believe” in the preconditions. For example, suppose
agent A believes —(P), while agent B believes P. While it is reasonable that
agent B could inform agent C of P, the plan rules would not allow agent A
to generate this expectation, since agent A could not say that agent B knows
P. The preconditions should instead only refer to the speaking agent’s belief.
This principle will be adopted in designing the planner’s negotiation acts. A
third problem is that the effects ignore the nested beliefs of the agents. For
example, an effect of the inform act should be that the speaker believes that
the hearer believes P, and so on.

In speech act theory, the perlocutionary effect of an act is the state that
the system reaches as a result of the act. While Allen and Perrault ignore
the hearer’s autonomy and define this using the STRIPS effects list, the per-
locutionary effect in fact depends on the following choices of the hearer. For
instance, the perlocutionary effect of an inform act depends on the hearer’s
choice of how to revise his beliefs, and what subsequent action he will take as
a result. Grice [27] accommodates the hearer’s response when he describes
meaning as the "effect the speaker intends by the hearer’s recognition of that

intent”. This description motivates the speaker’s use of plan recognition and

16



response from the hearer’s perspective when planning an illocutionary act,
rather than computing the effect using STRIPS effects lists. Without con-
sidering the hearer’s response, the speaker could not know the meaning of

his utterance.

2.5 Planning and plan recognition

Plan recognition is the process of one agent inferring another’s intention
from the evidence of its actions, so that the inferring agent can act on that
intention. Usually it is mutually believed that the inferring agent is observing
the acting agent [11]. This is called intended recognition. In this case the
acting agent chooses its actions with the expectation that its intention will
be inferred and acted upon by the inferring agent. He may thereby choose
a plan that is impossible to achieve by himself. Where the inferring agent
does not believe that the acting agent believes that it is being observed, it
must limit its inferences to those intentions that the acting agent would be
able to act upon alone. This is called keyhole recognition.

Plan recognition models start with Kautz’s [39] theory. He uses a decom-
position chaining model for his plan rules, which he translates into logical
rules. These rules can be used to produce explanations in disjunctive normal
form. Following the same decomposition chaining planning model, Vilain
[73] uses a chart parser to produce answers that match Kautz’s theory. Sta-
tistical parsing [13] could possibly be applied to plan recognition, whereby
each decomposition rule for a symbol has an associated probability of being
used by the planner. Statistical parsing is used in parsing sentences to dis-
ambiguate those that have many parses, and by the same token may be used

by the hearer to pursue only the most likely plan hypotheses. This would

17



be effectively a user modelling approach of the kind that will be taken in
this thesis, since the probabilities would reflect the beliefs of the acting agent
about their capability to use a plan rule, and about satisfied preconditions of
the rule. Charniak and Goldman [14] describe a similar idea, by modelling
the planning process with a Bayesian network. Each action is represented by
a random variable. The top-level actions of the plans appear as the roots of
the network, with different decompositions as their children. Each node in
the network is related to its parents by a conditional probability table, which
can be trained from data. For a given set of observed actions, the probability
of different explanations can be found by following the conditional probability
tables. Probabilistic plan recognition is important since in many cases there
can be large numbers of unlikely yet possible explanations to a set of actions.
For an agent to respond efficiently, it must be able to find out the most likely
of those explanations. The same holds in dialogue planning, where with little
evidence, the hearer must do the most he can to reduce the set of hypothe-
ses, so that the speaker can be understood. Although the speaker should
choose contributions to the dialogue that minimise the hypotheses available
to the hearer, probabilistic reasoning allows the hypothesis set to be further
reduced. A probabilistic approach to plan recognition is taken in this thesis.

Specifically for dialogue planning, Carberry [10] uses a tree model for
plan recognition, called a context model, with parent-child relationships rep-
resenting decomposition chaining and precondition-effect chaining. Following
Grice’s description of meaning, her theory encompasses a plan recognition
step by the hearer, from which the hearer obtains the speaker’s intention, and
a continuation of the plan, whereby the hearer adds actions that satisfy the
intention. She assumes that dialogues are planned in a focussed way [28]. If

an agent is focussed, it will not open a subtree until all of the other subtrees
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in the context model have been completed. Focussing is important since
by limiting the number of continuations of a plan, it reduces the number of
hypotheses that the inferring agent must consider, making plan recognition

much easier.

2.6 Meta-level planning

Meta-level planning in dialogue distinguishes between the domain plan, and
the dialogue plan whose subject is the domain plan. The domain plan is
often, but not always, a plan of physical actions, whereas the dialogue plan
is one that establishes the beliefs that are a precondition to some of the
domain actions, or establishes the domain-level intention of the speaker so
that a correct cooperative response can be given by the hearer. Litman
[45] describes a planner that uses a stack of plans, with the domain plan at
the bottom, and with each subsequent plan being a meta-level plan of the
previous plan. The dialogue plans are constructed from a set of STRIPS
schemas, which take the plan at the next level in the stack as parameters.
The ”continue-plan” schema is for executing the next focussed act. The
"track-plan” schema is for using a dialogue act to declare the focussed act to
the hearer. This helps the hearer to perform plan recognition, and provide an
appropriate cooperative response. The ”identify-parameter” schema is used
to establish a speaker or hearer belief that is a precondition in the object
plan. The ”correct-plan” schema is used to introduce a new object plan when
another has failed. The ”introduce-plan” and ”modify-plan” schemas are
used to indicate a change of focus on the object plan. These are needed since
otherwise, a focussed plan recogniser would discount the plan as breaking

the focussing rule.
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While Litman’s meta-planning schemas are used to follow the structure
of a domain-level plan, Ramshaw [54] uses meta-planning to also choose the
domain plan. In a situation where there is an agent with limited knowledge
of the domain state, and an expert user who has wide domain knowledge, the
agent may need to explore several domain plans, consulting the expert about
each one, and if a plan should thereby fail, it may need to backtrack and try
an alternative way of constructing the plan. Ramshaw defines a ”build-plan”
action, which can be achieved by several different ”build-subplan” actions,
with backtracking over these alternatives. Ramshaw’s planner backtracks
because of failed preconditions. Some preconditions can be satisfied using
y/n and wh- queries, named ” check-pred-value” and ”ask-pred-value”. Some
preconditions can be satisfied in many ways, for example, there may be ten
different ships suitable for the agent’s battle plan, each of which may be used
to instantiate a parameter to a plan schema. The ”ask-fillers” action is one
of a family of actions used for this sort of query. Ramshaw suggests that a
future direction for his planner is rather than seeking out the first workable
plan, to use a quantitative comparison of competing plans in a negotiation
dialogue. This suggestion is taken up in this thesis.

Smith and Hipp [69] describe a planner that is quite similar to Ramshaw’s
backtracking meta-planner, in that it too uses a backtracking search, con-
trolled by a Prolog interpreter, to find a solution for a domain-level plan.
Where Ramshaw’s planner always uses system initiative, only allowing the
expert to respond to queries, their planner allows differing levels of initia-
tive whereby both agents can answer queries, ask queries, give unasked-for
information, and introduce goals to different extents. This requires a richer
model of the user than one of the passive knowledge-base used by Ramshaw.

They use a model that encompasses problem solving capabilities as well as
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domain-state knowledge. Problem-solving knowledge is encoded as Prolog
rules, with some subgoals being achieved by rules that are within the user
model. The system passes control to the user whenever these subgoals are
invoked. They even give an example of a clarification where the user is given
control for a subgoal, and then for a further subgoal the user passes control

back to the system, thereby using a deeply nested user model.

2.7 Plan recognition and cooperative response

Plan recognition is a necessity both for understanding dialogue, and for gen-
erating dialogue, and the ability to do so is usually assumed by both the
speaker and the hearer. In understanding, plan recognition allows the hearer
to work with the speaker’s intention, rather than just respond to an utter-
ance. In generation, a speaker must predict the plan recognition process of
the hearer, so that he can decide what needs to be said so that the hearer
has enough evidence with which to recognise that intention. In planning a
dialogue that is intended to be recognised by a hearer, there is a set of con-
versational maxims [27], which are related to the rationality and efficiency of
the speaker’s contribution in a cooperative setting. Speakers are expected to
conventionally follow these. The maxim of quantity states that the speaker
should be as informative as is necessary and no more. The maxim of quality
states that the speaker should be truthful, so that he chooses the contri-
bution that should lead to the satisfaction of his intention. The maxim of
relation states that the contribution should be related to the current focus
of the conversation. The maxim of manner states that the speaker’s mode
of expression should be easy to understand by the hearer. If a speaker as-

sumes that the hearer expects the speaker to follow the maxims, the speaker
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can attempt to apparently flout the maxims. This would force the hearer
to search for an unobvious explanation for the speaker’s contribution that
does satisfy the maxims. For example, flouting the quantity maxim is a way
of expressing disinterest in a topic, changing the subject, or of passing the
initiative in the dialogue to the hearer.

The use of plan recognition for understanding dialogues was first de-
scribed by Allen and Perrault [1]. By using planning rules, their system
could take an utterance and perform planning in reverse, by matching the
consequence of each rule to a given utterance and introducing plan hypothe-
ses called alternatives from the different available antecedents. From these
hypotheses, the plan rules were used to search for a continuation of each al-
ternative. The system partitioned the plan rules according to the capabilities
of the system and the capabilities of the user, so that ”obstacles” could be
identified. Obstacles are parts of the plan that cannot be achieved by the
user, but can be achieved by the system. The response of the system is then
determined by the obstacles for which solutions can be provided.

Allen and Perrault give several examples of how a cooperative response
can be provided. In one, an agent asks a question, for which an answer
is given, but as a bonus, the hearer applies the planning rules to recognise
the speaker’s plan, identifies a further obstacle involving lack of information,
and provides further information without being asked. In another example,
a speaker asks a yes/no question about a property of a referent. Finding that
the answer is no, the hearer infers that the speaker may have been looking for
a referent for which the property is satisfied, and so the cooperative response
is to instead provide a suitable referent. In another example, the planning
of an indirect speech act is explained. In this example, a speaker asks a

question that is seemingly irrelevant to any plan, such as ”"can you pass the
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salt?”, flouting the maxim of relevance, until it is inferred that this question
can be answered as a side-effect of another plan that is relevant, namely
one in which the speaker wants the salt passed. While Allen and Perrault
described the use of plan recognition in understanding an utterance, it must
also be used from the speaker’s perspective in choosing an utterance. For
example, an agent might choose between the questions "what is the time
and platform number of the Windsor train?”, and "What is the time of the
Windsor train?”. In choosing the latter, the speaker must reason about the
hearer’s plan recognition process. The speaker expects that the hearer will
recognise his plan and provide the information without being asked.

There are various devices of ambiguity in dialogue whose success depends
on plan recognition. For example, a referring expression like ”the ball” might
refer to the red ball or to the blue ball. Suppose a speaker has just picked
up the red ball. He can then say ”Shall I pass the ball?” and expect that
the hearer will recognise his plan and find that the only ball that can be
passed is the red one. Grosz and Sidner [28] describe how this happens
by referring to the agent’s attentional state. The attentional state is the
collection of actions and objects associated with the focus point in the plan
structure. If an agent is focussed, its contribution must attach itself to the
focus point, and therefore must refer to the attentional state. Anaphora can
also be planned in the same way. Where a pronoun may refer to more than
one agent, the hearer would be expected to select whichever agent allows
a coherent and focussed continuation of the plan to be constructed [67].
Carberry [9] shows that by generating an expectation from a plan, ellipsis
can be used to communicate sentence fragments, from which the intent of
the speaker can be recovered by the hearer by matching the expectation with

the fragment.
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Grosz and Sidner [29] have formalised a logical model of the cooperative
planning and plan recognition process. They describe the conditions under
which an agent can infer that a plan is intended in which both the speaker
and the hearer will act. This is called a shared plan. Assuming that when an
agent recognises a speaker’s intention, he will adopt that intention as well,
the conditions are that it is mutually believed that the speaker intends the
intention, and it is mutually believed that the actions in the plan are correct.
If these conditions hold, then the mutual belief that each agent intends its
part of the plan can be established. Shared plans are formalised as a set of
inference rules on the mental state of the speaker. Shared plans are in some
ways too strong to be useful. There are many situations in which mutual
beliefs do not hold about intentions, due to differences of beliefs about the
domain state and plan rules, yet the speaker can still form a useful plan. For
instance, a dialogue planner may ask for milk in his coffee, but the hearer,
not believing that milk is available, may well form a plan to ask him if cream
is alright instead. In this example, a shared plan does not exist for the first
utterance because the agents do not have mutual beliefs about the correctness
of the plan. Such plans will feature regularly in this thesis, since the planner

to be described is designed to deal with uncertainty and differences in beliefs.

2.8 User modelling in dialogue systems

User modelling is the representation, acquisition, and maintenance of a model
of those components of the mental state of a user that determine his pref-
erence over different courses of a dialogue with the system. Typically, these
are his beliefs about the state of the environment and the system, his capa-

bilities for action within that environment, and the value he associates with
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the achievement of goals [38]. A dialogue system with a good user modelling
component will achieve the user’s intentions more quickly, since it can infer
those intentions without being told. Such a system would never tell the user
the same fact twice, nor begin a subplan that the user is incapable of coop-
erating with, nor ask for too much clarification about the plan that the user
is trying to construct. In the context of dialogue planning, the BDI model
is the natural place to start for representing a user model. The intentions of
the agent are a function of its beliefs and desires. The desires of the agent
do not change during the dialogue, since the agent does not choose desires,
he only chooses intentions. Intentions are not part of the user model but
are determined by the system through the plan recogniser. Beliefs and de-
sires determine many possible intentions, but only some of those possibilities
will be consistent with the actions of the agent observed in the dialogue. A
BDI user model will then have three components: beliefs, desires and action
history, from which hypotheses about the intended plan structure can be
inferred.

While much work on dialogue planning and plan recognition makes no
distinction between the different beliefs of the agents, it is quite possible, in
apprentice-expert dialogues or where each agent brings a complementary set
of skills, that they will have differing beliefs about the state of the environ-
ment, and differing beliefs about the plan rules as well [53]. An agent may
then construct one plan based on two different sets of plan rules. Plan recog-
nition for dialogues of two or more agents must account for these differences.

For the model of dialogue planning based on STRIPS schemas, the basic
mechanism of acquisition and maintenance of a BDI user model is through
inference of preconditions and effects. Assuming that each agent is capable

of recognising that each dialogue act has happened, it can then update those
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propositions that were necessary to satisfy the preconditions of the action,
and the propositions that were on the effects list of the action [52]. Another
means of maintaining a belief model is by using stereotypes. For example, a
dialogue system for flight bookings might see dozens of business users every
day, who all have a similar belief state, and dozens of tourists every day who
all have a similar belief state, which is quite different from that of the business
user. Finding out whether the user is a business user or a tourist then allows
the system to retrieve an appropriate stereotype model, constructed from
previous dialogues, that best represents the user’s state. Rich’s GRUNDY
system was the first to use stereotype models [57].

Nested belief models are those that represent the system’s private beliefs,
the system’s beliefs about the user, the system’s beliefs about the user’s
beliefs about the system and so on. The first model, the system’s private
beliefs, is referred to as level one, the second, level two, and so on. Beliefs
that occur at all levels are referred to as mutual beliefs. Such beliefs are
quite common, since if the agents mutually believe they are both observing
the dialogue, any inferences drawn from the dialogue will be mutual. Many
dialogues have this property, and so the system need only maintain a two-level
belief model, since every second level is identical [72]. There are exceptions
however. For example, the agents may be talking on a noisy telephone line,
and agent A may assume that agent B has not heard what it said, whereas
agent B may believe that agent A assumes it has been heard. This would
form a discrepancy between level one and level three. Similarly, one agent
may leave the room and perform actions that the other cannot observe. Clark
and Schaefer [15] call the process of establishing mutual belief ” grounding”.
Failure in communication in spoken dialogue is common, whether through

disagreement about what was actually said, or through disagreement about
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what can be inferred from what was said. Hearers must therefore follow up
what has been said with some evidence that can allow the speaker to update
his level three model, his level five model, and so on. For example, after
dictating a telephone number, the speaker cannot say that the hearer knows
what the speaker uttered. However, if the hearer repeats the number back
to the speaker, the speaker can establish this belief. Once the level three
belief is established, the speaker can expect that any plan that the hearer
pursues that involves this number will succeed. Deeply nested belief models
are also necessary when stereotypes are used. For example, one travel agent
may offer extra legroom, whereas all the other travel agents in town offer no
extra legroom. Therefore the user may believe that the system does not offer
extra legroom. This would be a discrepancy between levels 1 and 3 of the
nested belief model. As a result of this the system must refer to level 3, and
make an extra effort to ground the fact that extra legroom is offered. The
planner will therefore allow belief models nested to arbitrary depths.

There is a standard notation, introduced by [40], for describing the occur-
rence of propositions in a belief model. To say that a proposition P occurs at
level 1 of the belief model, SBP would be used, meaning ”the system believes
P”. For level 2, SBUBP would be used, meaning "the system believes that
the user believes P”. For level 3, SBUBSBP would be used. The notation
MBP is used to say that a proposition P is mutual, that is, it occurs at every
level in the belief model. It is often the case that a proposition occurs at
every second level of the belief model. The expression SBMBUBP is used in
this case to say that ”"the system believes that it is mutually believed that

the user believes P”.
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2.9 Generating and understanding dialogues
without planning

While symbolic planning is useful in generating dialogues, it is not as useful
in understanding them. Dialogue systems that are programmed with a set
of fixed rules cannot parse plans that are outside the limited set of plan
structures specified by those rules. Input can fall outside the rules because
the user is misconceived or because the rules only cover a fraction of the
domain, and so the user may attempt correct, but out-of-scope plans. It
would be useful for dialogue systems to learn the sequences of actions that
occur in a dialogue from given dialogue corpus data, without any use of
prespecified rules. This approach would have a second advantage, in that it
performs user modelling as well, being able to find out the patterns of actions
that a particular user or stereotype group prefers.

An analogous problem occurs in recognition of not action sequences, but
word sequences in sentences. Statistical language models are much better
than hand-crafted grammars in predicting word sequences, illustrated by
their usefulness in speech recognition systems and in machine translation.
This has led to a branch of research in dialogue understanding that uses
statistical information about dialogue act sequences to better understand the
user’s utterance. Each dialogue act has a type and a propositional content.
Deciding the type of the act is a classification task to which common machine
learning algorithms can be applied, using various features of the previous
dialogue acts, and the current utterance [63]. The dialogue act type can then
fill one slot in a semantic frame for the utterance. Dialogue act classification
has also been used in speech recognition, where a small gain in recognition

accuracy can be obtained by applying language models that have been trained
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on the expected act type of the given utterance [70].

2.9.1 Deciding dialogue strategies using policies

It is clear that human speakers do not derive a dialogue plan from first prin-
ciples every time they must think of something to say. Often, situations arise
that have been seen before, and the speaker needs only to recall his policy
for the situation. For example, flight-booking dialogues would often have
states in common. For many planning problems that involve long sequences
of actions on problems with limited numbers of states, planning from first
principles can be inefficient since the agent must search over several action
alternatives for each of many steps in the plan. On the other hand, by using
reinforcement learning, a learned policy provides a compact record of the
solution to every problem instance. To design a system that uses a policy,
the designer must first specify a set of states. For example, in a flight book-
ing system that fills a frame of information from the user, the frame states
would form the state space. For each state, the set of actions is defined, and
a state transition function specifies the state that must result from applying
an action in a state. Different actions could represent different strategies.
For example, there might be a system-initiative strategy or a user-initiative
strategy, or different confirmation strategies for different states. Learning a
policy is a matter of evaluating utility for a state and an action by looking
up the utility of the resultant state and adding any reward gained from the
current one. By iterating this learning rule many times over the each state
in the state space, a table of state action pairs and utility values converges
on the optimal policy for the problem by passing back utility values from the
outcomes of the dialogue. Using a policy, planning becomes a trivial matter

of looking up the table to decide the best action to take in a state.
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Using a policy has an advantage in that the true reward of dialogues can
be used in training the system. On the other hand, by planning the dialogue,
the reward obtained is estimated from the value of the goal and the costs
accrued by each of the actions in the plan. However, the downside of using
a policy is the cost of exploration to obtain training data. In reinforcement
learning, an agent must strike a balance between exploration and exploita-
tion. Using softmax selection [71], an agent can try actions that are not
currently optimal, in order that examples can be collected to reinforce that
action. As more and more examples are collected, the agent tends to exploit
the optimal action rather than explore. Softmax selection is also useful in
cutting down the complexity of the state space, which might be equivalent
to the combinatorial composition of the states of many beliefs. One good
example of using dialogue policies is that of Walker et al [76]. They use the
PARADISE evaluation framework to compute the utility of the dialogues.

Using reinforcement learning is an attractive approach to deciding di-
alogue strategies, and it is important to contrast this approach with the
planned approach that will be taken in this thesis, since both can adapt
themselves to users by training on their dialogues. To be competitive with
reinforcement learning, two qualities are important. First, the planner should
be as easy to use as a reinforcement learning system, and in the next chapter
this will be shown to be the case. The second quality is its performance, that
is, the quality of the dialogues produced given a certain amount of training
material. While reinforcement learning is very useful for problems with lim-
ited numbers of states, which are well covered by training data, planning is
useful where there are many more states, leading to the problem of making
a good decision in novel situations. The arguments for and against planning

and reinforcement learning in robot planning carry over to dialogue planning,
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especially where the dialogue is a non-routine dialogue such as a meta-level
negotiation over a robot plan.

The model used for basic reinforcement learning is that of the Markov
Decision Process (MDP) in which the state transition function is assumed to
be deterministic. Just as in robot planning, where actions and observations
are uncertain, dialogue planning must accommodate uncertainty since errors
occur in the speech recognition process. For this reason, several researchers
have addressed the use of Partially Observable Markov Decision Processes
(POMDP) in dialogue planning. In a POMDP, actions have a probability
distribution of effects, and states result in a probability distribution of obser-
vations. Since the agent does not know which state it is in, reinforcement is
more difficult, and POMDPs can be difficult to train. Roy et al [58] , used
a POMDP to deal with speech recogniser uncertainty in a speech-controlled
robot, showing a significant improvement in performance when uncertainty
in the belief state of the robot is accommodated. Zhang et al [79] address
the state complexity issue by using a Bayesian Network to map several state

variables into one.

2.10 Game theory

Game theory [47] describes the mathematics of individual decisions made by
several agents in a shared environment. Each agent has a number of alterna-
tives from which to choose. The utility obtained by each agent depends on
the combined choice of all of them and so a matrix is used to specify the util-
ity obtained by each. In general, the agents are self-interested in that there
is no particular relation between their individual utility functions. However,

in the application of game theory to fully cooperative dialogue it happens
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that their utility functions are the same, meaning that they favour the same
outcomes. The objective of each agent is to make choices that maximise its
expected utility. Where agents make a sequence of decisions, a game tree can
be used with a node representing each decision. It is possible to calculate
an equivalent matrix for any given game tree. The most interesting games
are where agents choose simultaneously, or do not immediately find out the
other agents’ choices. However, in this thesis, agents take turns to make
their choices which are immediately observed, and so all that is required is
to choose the one that will maximise the agent’s utility.

Game theory will be used in this thesis to provide a quantitative aspect
to the dialogue planner’s choice. Traditional dialogue plan rules are used to
generate the alternatives available to the agent, but these alternatives then
form a game in which the agent chooses the alternative with the maximum
expected utility.

The area of Bayesian games is particularly relevant. Bayesian games gen-
eralise standard games to those of incomplete information. In a standard
game, every agent knows everything about the alternatives available to the
agents and their utility functions. In a Bayesian game, such information is
probabilistically known to the agents. Harsanyi [31] showed that uncertainty
about applicability of actions can be modelled using the utility function by
just using very negative values for those actions. Then, Bayesian games need
only be concerned with uncertainty about the utility function. Each agent
has a type, which determines its utility function. Each agent uses a set of
nested beliefs about the type of the other agents. These beliefs take the form
of probability distributions over types. To calculate the utility of an alter-
native, the agent needs to evaluate the expected utility over the types. This

calculation is much the same as that used by the dialogue planner described
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in this thesis. Instead of using beliefs about types, the planner directly mod-
els the alternatives available to the agent through STRIPS preconditions,
whose satisfaction is determined using beliefs about the domain state.
Gmytrasiewicz and Durfee [25] have developed a method of computing
the utility of games using a probabilistic model of belief, which has its foun-
dation in Bayesian games. While the planner presented here was developed
initially without knowledge of this work, it has close similarities. They use
a ”"Recursive Modelling Method”, which represents the game in canonical
form, that is, as a game matrix. At the root of a tree is a complete matrix,
specifying all of the alternatives available in the game. At each node, a belief
is taken, and a pair of edges are annotated with the probability of each value
of the belief. For each edge, a child matrix is constructed, in which alter-
natives whose preconditions are disabled by the belief have had their row
removed from the matrix. By performing a weighted sum over the leaf ma-
trices in the tree, the expected utility of each alternative can be found. While
the Recursive Modelling Method is equivalent to the game trees that will be
used in this thesis, it does not provide any way of constructing an RMM
tree from plan rules, nor is it clearly explained how the child matrices may
be obtained from their parents by consulting the nested belief model. The
emphasis of the RMM is on applications in military strategy, using gathered
intelligence to inform the nested belief model. They have performed some
experiments with human subjects, and found good agreement between the

strategies chosen by a human player, and by the RMM.
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2.11 Cooperative distributed planning

There is some work in the planning field that addresses the distribution of
planning control among multiple agents. A number of cooperative distributed
planning (CDP) [18] algorithms have been proposed that attempt not just to
tackle planning problems that will be executed by a number of coordinated
agents, but to distribute the planning process as well. The planning process
often needs to be distributed for reasons of speedup through parallelism, fault
tolerance, communication bottlenecks, distributed planning knowledge, per-
ception of the environment state that is localised to only some of the agents,
and localisation of execution to the place where it was planned. There are
generally three planning processes for these algorithms that determine the
dialogues that take place between the agents. First, task distribution must
find a way of allocating portions of the global plan to individual agents.
Then, each agent pursues development of their own subplan. Finally, the
agents must communicate their choices so that the subplans can be critiqued
and modified. For distributed execution, constraints between subplans can
be handled by using synchronization messages that control multi-agent exe-
cution.

The earliest CDP planner was Corkhill’s [16] distributed version of Sac-
erdoti’s [60] hierarchical planner Noah. This planner used critics which were
invoked at each level of abstraction, to incrementally check for coordination
of the developing plan. Later, the Partial Global Planning (PGP) [19] sys-
tem was developed for a distributed vehicle monitoring application. This
system could decompose tasks, and then hold negotiation dialogues to iden-
tify conflicts and opportunities for coordination by each agent passing their
localised view of the global plan.

CDP differs from the planning approach that will be developed in this
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thesis. It is more useful when plans can be pursued for the most part in-
dependently with only a few coordination points. Furthermore CDP does
not have anything to say about the efficiency of coordination dialogues, since
it is assumed that communication is relatively inexpensive. Nor can CDP
be easily adapted to account for communication cost. This is because the
planning approach taken in CDP emphasises the exchange of proposed plans
rather than exchange of the beliefs that are used to form those plans. The
plan space grows exponentially with the number of beliefs about the domain
state and the plan rules, and so the number of plan proposals that must be
exchanged is exponential as well. Conversely, exchange of beliefs and is more
more efficient from the perspective of communication costs. In addition, the
probabilistic approach to planning that will be taken here allows an agent
to prune the space of multi-agent plans of the unlikely alternatives, so that
the likelihood that a subplan is easy to coordinate is increased. Conversely,
CDP makes no distinction among the plans that the other agent would chose
to put forward. DSIPE [77] is one exception. It deals with the informa-
tion overload problem by filtering out the constraints that are unlikely to be

relevant to another planner.

2.12 Dialogue management and user
modelling systems

Dialogue systems are are most often composed of several modules. The most
common organisation is that of a dialogue manager, a speech recognition
system, a parsing and semantic analysis system, and a generation and text-
to-speech system. The dialogue manager is used to maintain a representation

of the dialogue state and to decide a strategy at each turn. The speech recog-
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nition, parsing, and semantic analysis systems are used to produce a formal
representation of the user’s utterance. Often a semantic frame will be used
with slots for the act that the user is performing, and for the parameters to
this act. For example, the act might be labelled ”send-email” with parame-
ters for the recipient and subject of the email. In the case of planned dialogue
based on speech acts, a semantic representation should be composed of the
propositional content of the sentence, represented using predicate logic, and
the illocutionary type associated with the utterance, for example the sentence
might be informing or it might be requesting. The same formal representa-
tion of the utterance would also be used as input to the utterance generator.
A set of rules would be matched against the parsed formal representation
to construct and assemble natural language phrases corresponding with the
phrases of the formal representation.

Three general types of dialogue manager exist [62] [49]. State based
systems are the simplest. The dialogue is modelled as a sequence of states,
with the strategies chosen by the user represented by the transitions. State
based systems therefore have a hardcoded dialogue strategy and no user
model. Another more flexible design for a dialogue manager is one based
on a frame representation of the dialogue state. Frame-based systems are
useful for the style of dialogue where a number of information items must
be elicited from the user. The strategy is more flexible than in state-based
systems since the system can dynamically form strategies by checking the
slots that still need to be filled. For example if the name and credit-card
number are still not known, the system could formulate a single question to
elicit both. The most complex design for a dialogue manager is that of an
agent based system, which uses an explicit model of the system and the user

in terms of of a belief, desire and intention (BDI) architecture (see Section
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2.3). These systems choose dialogue strategies by planning.

One of the objectives of this thesis is to create a dialogue planning system
that is domain independent, in that it acts as a shell that supports execu-
tion of a set of dialogue plan rules, and automatically maintains of the user
model that is used in generating the dialogue. No changes should be neces-
sary to the system to support a new set of dialogue plan rules. A number
of dialogue systems already exist that have a similar objective. Based on
a finite state design, VoiceXML [46] uses an XML description of a finite
state machine. For each state, a set of transitions is given to correspond
with each of the user inputs. These inputs are specified using a grammar.
VoiceXML is intended as an analogue to HT'ML, so that forms can be filled
using voice rather than a web browser. Just as web pages are served from a
web server, voiceXML pages are served from a voiceXML server, which runs
the automaton, generates speech output and interprets speech input, and re-
turns the information gathered in the dialogue. Another domain independent
system that supports dialogue management is the BGP-MS system of Kobsa
and Pohl [40]. This constitutes a user modelling shell system that stores
and infers user beliefs and goals. It provides a protocol through which an
application program can feed beliefs about the user and reports of the user’s
actions. The system, working on a specified knowledge base can pass inter-
esting inferences to the application system, search for misconceptions, and
formulate questioning strategies for the application system which are used
to acquire the user model. Using action specifications, inferences are drawn
about the preconditions and effects of the dialogue acts that are observed in
the application’s interaction. A mechanism for resolving inconsistency in the
user model has been proposed for the system, since user beliefs can change

or be misconceived. Stereotypes can be used, allowing inheritance of user
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models from a stereotype model to each of the members of the stereotype.
Kass and Finin [37] also developed a user modelling shell, GUMS, which has
much the same set of features as BGP-MS.

COLLAGEN [56] is a dialogue planning system that is used in managing
a collaborative process between a user and a separate agent. While it does
not choose strategies, it instead operates as a mediator between the two
dialogue participants, recording the dialogue history and parsing it into a
plan structure. The dialogue is modelled using hierarchical plan rules, and
assumes that acts are added to the plan in a focussed manner, in a similar
fashion to the model employed by Carberry (Section 2.5), and similar to
the model that will be used in this thesis. Since COLLAGEN records the
structure and changing focus of the dialogue, it can help the user in a number
of ways. First, it can display the dialogue acts from which the user can choose
at a point in the dialogue, by checking the applicable plan rules at the plan’s
focus point. The user can stop an incomplete plan so that the focus point can
be moved somewhere else. He can return to stopped points later on. A plan
can also be abandoned, by backtracking and taking a different alternative
at an earlier choice point. Segments can be replayed allowing their reuse
in different contexts. COLLAGEN separates the generation of allowable
strategies from the discourse model from the choosing of those strategies
by the agent. A similar principle will be used in the planner presented in
this thesis, where the allowable strategies are first generated, and a separate
module is used to choose a strategy from those alternatives.

The TRAINS system [2] is an example of a natural language collaborative
planning system. It is a kind of meta-level planning system (see Section 2.6),
in that the planned dialogue is one that supports the choice of a domain-

level plan. A human planner uses the system to answer questions about
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the domain and to evaluate proposed alternatives. The architecture of the
TRAINS system is agent-based, and in common with the planner described
in this thesis, uses the BDI model to represent the state of the dialogue man-
ager. Using this model the system maintains a set of nested beliefs about the
user, so that as the dialogue progresses, a model of the user’s domain plan
alternatives can be developed, and the system can provide cooperative con-
tributions to the dialogue in the context of these alternatives. TRAINS is a
complete natural language system, addressing the challenge of understanding
natural user input that is relatively unconstrained due to a mixed-initiative
dialogue strategy.

Walker [75] discusses BDI planning using Bratman’s IRMA [7] archi-
tecture. IRMA is designed to accommodate an agent’s resource limitations
in performing deliberation every time a change is made in the environment.
Walker explains that a substantial fraction of dialogue contains redundancies
- information that needs to be communicated only because the hearer’s re-
source limitations prevent him from inferring it himself. A dialogue partner
may be limited in working memory or may be limited in inferential capacity.
A resource bounded BDI architecture is useful for generating dialogue with
redundancies, since it can be used as to model the deliberation process of the

hearer.

2.13 Evaluating dialogue systems

The value of a dialogue system is determined by the purpose for which it
was built, and there can be a wide range of these. Often, systems are task-
based, in that there is a definite goal whose achievement is the system’s

main purpose. A task-based system is expected to achieve that goal in a
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manner that uses few resources. Since dialogue acts only consume the time
of the system and the user, the objective is really just the time taken to
execute the dialogue, balanced against the reward obtained by achieving
the goal. Task completion and execution time are both objective measures,
that can be determined by the system itself, allowing for self-training or
planning with these measures as the objective. Happily, task-based systems
are the kind that are examined in this thesis. Apart from execution of a
task, dialogue systems can be built for other purposes. For example, the
well known Eliza system that attempts to simulate a psychiatrist, is not
related to any task, yet users seem to appreciate the system in producing
intelligent dialogue. Similarly, a system to produce weather forecasts would
need to be evaluated by a mix of objective measures and human judgement,
in producing informative, error free, and pleasant dialogue. Without a task
model, it is more difficult to tell why the system is of use to the user.

Unfortunately, human judgement is often the final word in acceptance of
a dialogue system, and it is often not perfectly determined by objective mea-
sures of the system. Even when there is a relation with objective measures, it
can be irrational. For example, a system that exhibits frequent speech recog-
nition errors due to the use of a freer user-initiative dialogue strategy might
be perceived as of poor quality, even though the dialogue strategy improves
the execution time of the system. As a result, human judgement, which is
comparatively expensive, must often be used in combination with objective
measures.

One attempt to relate objective measures to human judgement is the
PARADISE framework [74]. This framework uses a set of objective measures
of the dialogue, such as task completion, execution time, response time, and

number of errors. In user trials, a quantitative measure of performance is
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obtained from human judges. It is then supposed that this performance
quantity is a weighted sum function of the objective measures. Using the set
of user trials, a weighted sum of the objectives is equated to the judge’s value.
The set of weights that minimises error over the trial data is then obtained.
It is interesting to look at the weights obtained, and this was done for two
dialogue systems. It was found that task completion, response time, and
elapsed time for the dialogue generally obtained the greatest weights. These
experiments also showed that users irrationally value recognition accuracy
over elapsed time, even though they ought to value only task completion and
elapsed time.

Where suitable objective measures can be found for a dialogue system,
automatic training of the system becomes possible without the need for hu-
man judgements. For example, a reinforcement learning system would be
able to train on dialogues with users by calculating the measures at the end
of each example dialogue. For a planned approach to dialogue, there is a
further requirement of the objective measures that they be compositional
over the plan structure, in that the measure for a plan is equal to the sum of
measures for the acts in the plan. This is because a planner, in contrast to
reinforcement learning, searches for plans, rather than reinforces plans that
appear in the training data, and so that planner must be able to predict the
value of the plans in the search space. This could be a disadvantage, but the
measures given in the previous paragraph are compositional in that they are
additive over the acts in the plan structure. Task completion is a function
of the plan structure that is obtained at the close of the dialogue. Response
time is a function of act that the system chooses at its turn. Elapsed time
is the sum over the system and user acts of the time taken to execute each

dialogue act. This might be easy to predict from measures such as the num-
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ber of words used in the utterance that corresponds with the act, or from

recorded examples of the act’s use in a real dialogue.

2.14 Conclusion

This chapter has described work that is both related to and that directly
forms the foundation for models of dialogue planning, and for the dialogue
planner that will be developed in the remainder of this thesis. The main
areas of emphasis were planning and plan recognition, user modelling, and
dialogue management systems. In all of the theories of dialogue planning, and
in most of the planning and user modelling systems described in this chapter,
there has been an emphasis on planning as something that produces a set of
possible plans that can achieve a goal, without comparing the utility of the
different alternatives. Plans are treated as merely valid or invalid, and beliefs
are modelled using logical rather than statistical models. The only exception
is the systems based on reinforcement learning, where different strategies are
compared according to a quantitative metric. However, while reinforcement
learning can be used for many of the same problems as a dialogue planner,
its approach is one of brute force, using only raw statistics to decide between
strategies. On the other hand, dialogue planners seek to explain the dialogue
by inferring the mental state of the speaker, inferring from the data not
just that one strategy is better than another, but determining the belief
state that explains the choice of strategy as well. While such a planner,
which combines the best of both worlds, is desirable, there is currently no
satisfactory planning model or implemented system. In the next chapter, a
dialogue planning model, and a design for such a system is developed. By

using game theory, and particularly by following Harsanyi’s model of the
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Bayesian game, the planner retains the existing theory of dialogue planning,
but uses the alternative plans that are generated according to this theory as
the alternatives in a game. As a result, a planner is obtained that can choose

efficient dialogue plans.
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Chapter 3

Design of the Planner

3.1 Introduction

This chapter describes the desired functionality and the resulting design of
the planner. The chapter begins by setting out requirements for the planner,
which are chosen such that the motivations set out in chapter 1 are satisfied.
It will be argued that a planning system based on the evaluation of Bayesian
game trees satisfies the motivation of producing a planner that produces plans
that are more efficient than those planners that have come before. Then some
assumptions about the planning model, about the rationality of both the user
and the planning agent, and about the cooperative setting of the dialogue are
made. The design of the planner is then given. The structure of the planner’s
state is defined, the algorithm that computes its strategy is described, as are
the algorithms that revise the agent’s state as the dialogue progresses. A
simple example will be used to illustrate these algorithms. The reader might
be interested in looking at the Prolog source code for the planner, which is

available on the world wide web at http://planeffdia.sourceforge.net /.
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3.2 Requirements

In chapter 1 it was stated that current dialogue management systems do
not take advantage of a user model in deciding their dialogue strategy, and
an objective was set to construct a dialogue system that was demonstrably
more efficient than current systems by virtue of the use of a user model, yet
not much more difficult for the system designer to use than those existing
systems. A user model would typically be based on the BDI model, recording
the user’s beliefs, desires and the dialogue history so that inferences can be
made about the user’s likely preferences (see section 2.8). The system should
also conform to current theories of planned dialogue, so that the user can
understand the system’s plan, and symmetrically, so that the system can
understand the user’s plan.

In order that the planner conforms to the current theory of dialogue
planning, a planning model must be developed. One of the most popular ways
of specifying dialogue plan structure is by a dialogue grammar, consisting of
hierarchical plan rules. In a system that does not use a user model, there is
no consideration that the acts in the plan might have preconditions that are
evaluated in the context of the mental state of the agent. Instead, each plan
structure and resulting dialogue outcome is equally permissible, no matter
what the beliefs of the agent are. In some obvious circumstances, such a
planner will fail to be efficient. For example, a user model might be used to
discount a plan in which an agent will not be able to answer a question. This
failure would be due to a failed precondition of the informing part of the
questioning plan, which needs to be evaluated in the context of the user’s
beliefs. A system with no user model would have no way of determining
that the plan is bound to fail. This model of hierarchical planning with

preconditions is in keeping with the plan construction theory of Carberry
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[10], and therefore it is adopted for the planner. Hierarchical planning is
powerful enough that any set of finite-state rules traditionally used in finite
state planners has an equivalent set of hierarchical rules [43]. From the
above example, it is clear that a user model will improve the performance
of the planner, and that its presence coincides with the use of preconditions
to dialogue acts. Furthermore, the user model should be nested, since the
agent’s own beliefs about whether a precondition is satisfied may differ from
those of the user, and may differ again from the user’s beliefs about the
system’s beliefs. The plan under consideration will therefore be evaluated
differently from the perspective of each agent, resulting in a different choice
of contribution to the plan for each perspective [53]. Therefore the system
needs to be able to evaluate the plan from as many perspectives as there are
levels in the belief model.

Different agents can have different beliefs about plan rules as well as
about the domain state. This is less the case with routine rules such as
a question and answer pair, but more the case for meta-level plans whose
subject is a domain plan that is constructed using different rules. As a result
the different agents will have different expectations about the course of the
meta-level plan. The planner is required to treat plan rules as subject to belief
in the same way as the domain state is. Alternative ways of constructing a
plan will then be subject to preconditions about the correctness of the plan
rule used. These preconditions can be evaluated in the same way as action
preconditions. Often in BDI models such beliefs about plan rules are called
"capabilities”. The use of plan rule beliefs opens the possibility of planning
dialogues between an expert teacher and a novice student, or one between
cooperative experts who exchange information about their expertise so that

each can form a correct plan. With different beliefs about both plan rules and
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the domain state, it becomes clear that when the agent takes the perspective
of the user (or the perspective of the user’s model of the system and so on),

each perspective will look upon a different plan structure.

3.2.1 Treating dialogue as a game

One way to solve the problem of these different perspectives of the plan is to
view the outcome of the dialogue as a sequence of acts, where at each turn,
the perspective of the acting agent is taken. The acting agent’s beliefs about
the plan rules and the enablement of preconditions should be used to generate
the set of available acts that can be taken at the turn. These acts should be
the first steps in the plan structures that correspond with the beliefs. Since
there can be many permissible sequences of acts due to the many alternative
acts at each turn, an appropriate representation of the dialogue possibilities
would be a game tree, whose nodes are constructed from the alternating
perspectives of the agents participating in the dialogue. The game tree is
not really a plan, but rather a representation of the possible outcomes of
the iterated process whose steps consist of plan recognition, planning of the
first step in the continuation of the recognised plan, and execution of that
step. This process is symmetric, and alternates between the two agents.
It can therefore be used by the agent to represent an expectation of the
ultimate outcome of each of the alternative acts that it can choose from at
the current turn. For an agent to generate a game tree, it must plan forward
by alternately using its level 1 beliefs, and its level 2 beliefs, since these
provide the expectation of its own act and its expectation of the other agent

at each turn.
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3.2.2 Using a probabilistic belief model

In section 2.3, a logical model of belief was described, where an agent will re-
gard any given proposition as either "believed”, ”disbelieved”, or ”possible”.
Using such a model agent A might come to believe that B believes P, should
B inform A of P. For many dialogues such a model is adequate, and indeed
most of the work seen in dialogue planning and user modelling described in
chapter 2 rests upon a logical model of belief. However, more generally, it is
better to know whether a belief is probable rather than merely possible. For
example, if an agent were to plan a questioning dialogue, it might risk failure
of the plan if the probability of the other agent not knowing the answer were
small, but at some point the risk would be become large enough that the
cost of trying the plan exceeds its expected reward. On the other hand, the
logical model of belief cannot help to make such a judgement. A second ad-
vantage of a probabilistic model is that it can be used to estimate the beliefs
of a population of users as a stereotype model. For example, if three of five
users knew the answer to the question in the past, a reasonable estimate of
the current user’s knowledge is that he will give the answer in three of five
outcomes. Similarly, if just one user sometimes holds a belief and sometimes
does not, a probabilistic model is useful to form an expectation of that one
user. The system can then make decisions based on the expected beliefs of
the user.

A supposition is made now that the use of a probabilistic belief model of-
fers significant gains in the efficiency of the dialogue, when expected utility is
the objective. For this reason, a probabilistic model will be developed, and to
verify this supposition, demonstration problems in the following chapters will
be used to measure the efficiency of the dialogues obtained by a probabilistic

planner.
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3.2.3 Bayesian games

The planner must be capable of examining the actions that will be taken
in different belief outcomes. For example, in a questioning dialogue, the
belief outcome of the questioned agent determines the answer it is expected
to give. Some representation of the set of belief states, and the plans that
occur in each of these states is needed. In section 2.10 the theory of Bayesian
games was described. In this theory, a probabilistic model of belief is used to
determine the efficient strategy in a game by examining the applicable actions
in each belief outcome, and so the Bayesian game model is appropriate. In
evaluating a Bayesian game using the maximum expected utility rule, the
utility of each strategy is determined in each of the belief outcomes of the user,
and a weighted sum of utility is taken over those outcomes according to their
probability. In each of the belief outcomes, a different game tree is obtained,
since in different belief outcomes, different alternative acts are believed to
have satisfied preconditions. The central design element of the planner is
therefore an algorithm that can perform computations with Bayesian games.

In a game tree, the permissible alternatives available to an agent corre-
spond with the edges at a node corresponding with that agent’s turn in the
dialogue. Those permissible alternatives are determined by the rules of the
game. In keeping with the requirement that the dialogue is planned using
hierarchical plan rules, the second design element becomes clear. A planner
is required that can plan a step in a dialogue according to a given set of be-
liefs about the domain state and about the dialogue plan rules, and for each
candidate step, an alternative be supplied to the algorithm that generates

the game tree.
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3.2.4 Maintaining the user model

An objective set out in chapter one was that the planner be easy to use,
with the dialogue system designer needing only to specify the dialogue plan
rules. This leads to the requirement that the user model be initialised and
maintained automatically by the system. The system should need only to
look at the preconditions of the plan rules to know the set of beliefs that need
to be held in the user model. Corresponding with this requirement, another
main design element is that of a belief revision system, that can observe the
dialogue acts chosen by the user and infer from these an explanatory belief
state of the user. As dialogue evidence accumulates, it must be compiled into
a statistical model of the user’s belief state. Over time, as the accuracy of
the model improves, so should the efficiency of the dialogue. As well as being
used after each turn in the dialogue, belief revision must be used in evaluating
game trees in the context of a belief model. For example, a plan in which
an agent informs the same fact twice is discounted by using belief revision to
update the belief model after the first inform, and then finding out that the
second inform has no effect on the outcome of the dialogue, since the fact
is already in the belief model. The belief revision system should be derived
from those of the user modelling shells described in section 2.12, whose main
function was to keep a user model up to date based on dialogue evidence,
and using dialogue plan rules. The system will need to go further than these
systems however, since they are based on a logical model of belief. Using
a probabilistic model, probabilistic rather than logical inference needs to be
considered. This entails representation issues as well, since in a probabilistic
model, conditional probability using belief networks [50] is used in deduction
rather than modus ponens. In contrast with logical models in which belief

revision [23] is used to maintain consistency of the belief set, a probabilistic
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form of belief revision is required. In a logical model, beliefs are absolute
and so their update is normally based on a single observation. On the other
hand, in a probabilistic model, a set of observations is used to calculate a
probability value. Some mechanism is required to maintain beliefs using sets

of observations.

3.3 Assumptions

In this section some assumptions are set out about the game model which is
used by the planner to choose efficient strategies. These serve to restrict the
required scope of the planner’s capabilities, while being reasonable assump-

tions about the conditions in which a dialogue takes place.

3.3.1 Agenthood

Following the theory of two player games [47], it is assumed that two agents
each select a strategy from a number of alternatives available to each. Dif-
ferent combinations of strategies are assigned different utility values with
respect to each agent. A mechanism is required whereby each agent chooses
the strategy that maximises its expected utility.

The game is organised into turns, in which each agent selects and reveals
its strategy to the other. An assumption that simplifies the decision process
is that of perfect information, where each agent finds out the strategy chosen
on the previous turn before making its choice. This is reasonable since in
most dialogues the environment is immediately observable to the other agent,
and most agents wait until they have recognised the other’s last act before
proceeding with their one. Without this assumption, there are games where

one agent cannot settle on one particular strategy, since if it did settle either
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of them, there would be a worse alternative which the other could choose.
The agent is therefore forced to adopt a randomised ”mixed-strategy” [47].
However, with the assumption, the choosing agent may use a simpler process

of just taking the maximum utility strategy at each node in a game tree.

3.3.2 Cooperation and sincerity

In all of the examples presented in this thesis, the agents use a shared utility
function, since the computer acts as a fully cooperative assistant to the user
and so holds the same preferences over outcomes. This guarantees that acts
are recognised as having sincere intent. For example, an informing act whose
precondition is that the speaker believes the told proposition would not usu-
ally be chosen if the precondition failed. If it were to be chosen, it would
lead the hearer to a state of false belief, which would lead him to choose an
irrelevant and therefore usually worse strategy. Since the utility function is
shared, this would also be a worse strategy for the speaker. There are devices
such as the ”"white lie”, where the false belief happens to lead the hearer to
a better strategy. For instance, saying it is cold when it is not is a good way
to get someone to close the window. White lies should be plannable in the
system, by means of a sincere and an insincere version of the plan rule for the
informing act. However, regarding acts as being sincere reduces the number
of hypotheses that the hearer must entertain about the speaker’s intent, thus
reducing the breadth of the game tree without reducing the abilities of the
system for any of the problems explored in this thesis.

It is not difficult to generalise the system to be used for problems in which
agents are self-interested rather than fully cooperative. It only requires that
each agent is given its own utility function, and that agents are allowed to

make choices that are insincere by dropping the belief preconditions. One
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specialisation of this is the zero-sum game, in which the utility functions
of each agent sum to zero. In this instance, it turns out that while the
agents must choose some act, it is never of benefit to choose a spoken act.
This is because a spoken act would do nothing but reveal the agent’s mental
state, which would if anything be advantageous to the opponent, and so with
opposing utility functions, a disadvantage to the speaker. Such behaviour can
be found in games such as poker, where players must act by moving cards,
but minimise any other acts that would reveal something about their mental

state.

3.4 Design of the planner

In this section a description of the design and operation of the planner is

given.

3.4.1 Overview

Figure 3.1 is an overview of the planner. The state of the system is made
up of the beliefs, and a record of the dialogue history, which is simply
a list of acts. The choice of these state components was motivated by the
structure seen in BDI architectures, where from the beliefs, desires, and dia-
logue history, each agent’s intention can be inferred by plan recognition (see
section 2.8). The processes of the system are the planner, which constructs
the game tree from the act alternatives, and the evaluator, which evaluates
the tree in the context of the agent’s belief state. These processes together
are used to choose the most efficient dialogue strategy given the agent’s belief
model. The belief revision process is used to revise the agent’s beliefs in

the light of executed acts as they are added to the dialogue history.
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Figure 3.1: Overview of the Planner
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3.4.2 Agent state

The system performs a cycle of deciding and executing a strategy for a turn
for a given mental state, and then updating that state using belief revision,
and updating the dialogue history. On the user’s turn, the cycle consists only
of invoking the belief revision module and updating the dialogue history. The

mental state consists of:

e Desires The desires of the agent are represented by intention rules,
which give a probability distribution over parent intentions for a given
plan. These can be used to describe intentions that are not explained
within the plan that the agent is generating, but which are the start-
ing point for a plan. For example, a travel agent may find that most
passengers have a fixed intention to have a window seat in an aero-
plane, and so do not seek to explain or change that intention within
the dialogue. However, when the agent’s plan is being recognised, this

intention is added as a parent to the plan structure.

While the intention rules describe a distribution over starting inten-
tions, a utility function gives a value to each plan. It should be used to
evaluate the different outcomes at the leaves of the game tree, produc-
ing a number, which is then used to compare different alternatives in
the game tree. In section 2.13 it was stated that in planned dialogue,
a compositional evaluation function is required that can be used on
every element of the plan search space. Here, the two most important
evaluation measures are taken, task completion and execution time,
although others such as speech recognition error and response time are
also compositional and can be used in the same way. Since evaluation is

compositional, a recursive search of the plan structure is required that
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adds up all of the utility contributions of the acts in the plan. For task
completion, the presence of the goal node in the complete plan is an
indication of success, for which a positive utility is gained. Therefore
the designer specifies a reward and goal node for the system. Each di-
alogue act is assumed to have some constant cost in terms of execution
time. Therefore, the designer needs to specify this number for each of
the terminals that appear in its plan rules. The system should search
the plan structure automatically, using those given numbers. Finally,
a weighted sum should be used, as in the PARADISE framework, to

obtain an overall utility for the dialogue.

Nested belief model The nested belief model is a numbered list of
belief sets, where level 1 represents the acting agent’s own beliefs. Level
2 represents its beliefs about the other agent, level 3 its beliefs about
the other agent’s beliefs about the acting agent, and so on. Only a
finite number of levels is required, and this number equals the number
of turns required in the dialogue. The utility functions of the agents
ought to be nested as well, but for simplicity, they are assumed mutual,

and therefore are outside the nested model.

Belief set Each belief set is a set of propositions, paired with prob-
ability values. The probability value represents the estimate of the
probability that the agent at that level holds that proposition. For ex-
ample, a belief p(prop, 0.5) at level 3 represents the speaker’s estimate
of the hearer’s estimate of the probability that the speaker holds the
belief prop. Level 1 is distinguished from all others in that it represents
the agent’s own beliefs, which are not estimates. They therefore have

probabilities of 0 or 1 only. The use of a probabilistic model of belief,
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rather than a logical one, follows from Harsanyi’s model of the Bayesian
game (see section 2.10), which allows for probability distributions over
an agent’s beliefs. By using a probabilistic model, the agent’s estimated
belief can be used. Typically, this estimated belief is informed by the
evidence of previous dialogue, from which the frequency with which the

belief occurred determines the probability value.

e Propositions Each proposition is of a particular type. There are do-
main propositions which represent the state of the environment. These
propositions are just atomic propositions of predicate logic. There are
plan rule propositions which represent the agent’s capabilities - the
plan rules that the agent believes are applicable, their preconditions
and their effects. There are plan recognition rules which represent the
probability that the agent intends a parent act given that a child act

has occurred.

3.4.3 Representation and construction of the game tree

To decide a strategy on the systems turn, a game tree is constructed, and then
evaluated so that the maximum utility alternative at the root node is used as
the act for the current turn. It was stated earlier in the chapter that the game
tree should be constructed incrementally, taking the perspective of the acting
agent at each node. Preconditions determine the applicability of acts, and
so different belief states result in different game trees. The objective of the
planner is to determine the best strategy over all of the possible belief states.
For example, a plan with two preconditions might have four combinations
of belief states ( two times two ), each with a different probability. The

planner must find the value of the each strategy in each of the belief states
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and take a weighted sum according to the probability of each state. This
follows from the use of the maximum expected utility rule. Instead of using
many such game trees, a representation has been chosen in which just one
tree is used. Whenever a precondition occurs for an act, a ”chance node”
should be inserted just before the choice node in the game tree. Chance
nodes always have two branches, one for each outcome of the precondition
value. In the "true” outcome, the act appears at the following choice node.
In the "false” outcome the act does not appear at the following choice node.
This representation allows all of the different trees to be conflated into one,
sharing the construction and evaluation effort where the different trees have
common roots. The game tree can be equally well evaluated using a logical
belief model, or the probabilistic model. The logical approach would be in
keeping with Pollack’s notion [53] of differing belief sets, while retaining
the traditional logical model of belief. Instead of taking weighted sums over
chance nodes, possible outcomes would be obtained, by checking whether
the proposition at the chance node is believed (in which case only the ”true”
branch is possible) , disbelieved (in which case only the ”false” branch is
possible), or neither (in which case both branches are possible). This style
of reasoning is particularly useful for the risk averse agent who would like
to know the worst possible outcomes for the alternative available to him,
given a set of nested beliefs. For example, if lives were at stake, a dialogue
could be planned whose effect in revising the belief model would be to prune
away the chance nodes at which both branches were previously possibilities,
hopefully leaving a tree with no outcomes of plan failure. The probabilistic,
rather than the possibilistic approach to game tree evaluation is taken for
the design presented in this thesis.

To construct a choice node in the game tree, the plan rules should be
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invoked as follows. The planner process should take as input the dialogue
history and the belief model of the agent, and grow a game tree incrementally
by planning forwards by one step at each game tree node, providing a strategy
set which forms the node’s branches. To do this, the planner should consult
the plan rules of the level in the belief model of the acting agent. This is
because each agent may have different capabilities. For example the system
may believe that it is possible to make a pavlova with strawberries, but not
expect the user to hold this plan rule as a capability. The dialogue history,
concatenated with the sequence of acts that forms the path from the root of
the game tree should parsed (using a standard parser for phrase structure
grammars) according to the hierarchical plan rules. Then, a set of alternative
strategies should be generated to continue the recognised plan by one step.
This is done by planning forward in a focussed manner until a leaf act is
obtained. To plan in a focussed manner the parse tree should be searched in
left to right order for a node that does not have a full complement of children.
Forward planning proceeds from the first such node. This process is the same
as that of Carberry [10] (see section 2.5). If the parse tree is full (closed), a
parent should be added to its root and forward planning should proceed along
the path to this parent’s second child. To do this the intention rules should
be used (section 3.4.2). There may be many different ways both of parsing
and planning forward. The alternative strategies should be gathered from
each of these. To construct the subsequent choice node in the game tree,
the next level of the belief model should be consulted, and using its plan
rules, the act sequence reparsed from the perspective of the acting agent,
and the next act produced. Since there may be different sets of plan rules,
a different parse must be done at each level [53]. A game tree constructed

from the perspective of the agent at level 1 would therefore alternate between
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consulting level 1 and level 2 of the belief model in progressing through the
game tree.

Chance nodes occur in two ways. First, if planning forward produces
a branch at a choice node whose act has a precondition, a chance node
ensures that the branch can only be added in the true branch of the chance
node. Second, if a full plan tree is found, a parent must be added to the
root. There may be many candidate parents, whose occurrence follows a
probability distribution. Using the intention beliefs (section 3.4.2), a chance
node should be generated to differentiate the different intention states that

the acting agent may be in.

Implementing the planner module

The planner module (see figure 3.1) should be implemented as a recursive
procedure that constructs the game tree a choice node at a time. For each
choice node, the planner should be called. The planner should use a parser,
taking plan rules from the given level of the belief model. An algorithm is
required to search the given parse tree, in top down, left to right order, for the
first node that does not have a full complement of children. If no such node
exists, the tree is closed, and the intention rules should be used to attach
a parent to the root of the tree. Parents should be repeatedly added until
the search algorithm finds that the tree is open. The search algorithm, on
finding the first open node, should apply the plan rules, matching with the
node and its current children. One more child should be added to right of
the current children. This new node should then be repeatedly decomposed
at the leftmost child only, until a terminal node is obtained. This terminal
node represents an alternative to be used as an edge at the choice node.

The parsing and decomposition process should backtrack, so that all of the
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alternative solutions are obtained. Each solution should then be used as an
edge at the choice node. In adding nodes to the parse tree, the planner might
encounter intention rules and preconditions. Each of these should be used to
generate chance nodes. Along with the set of alternatives, information about
these should be returned, and used to insert chance nodes in the game tree,
ahead of the choice node. To ensure that chance nodes only occur once in the
game tree, propositions and their values that have already been addressed
by a chance node should be passed in the recursive call to the procedure that
generates the game tree. This is because the evaluation function will always
evaluate a second occurrence of a chance node as true in the true branch of

the first occurrence, or false in the false branch of the first occurrence.

3.4.4 Example problem

To aid in describing the operation of the planner, a simple example is used. In
this example, a goal act ask-pair is used by the first agent to ask a question.
The first agent executes the first act in the decomposition, ask, and expects
the second agent to parse the plan and produce the response reply. Reply
can be further decomposed to either of tell-true or tell-false. tell-true has a
precondition that the agent believes the proposition, whereas tell-false has
the precondition that the agent believes the negation of the proposition. The
STRIPS rules for this problem are as follows:

name: ask-pair
parameter: P
precondition:  {}
effects: {3

decompostion: { ask(P); reply(P) }
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name:
parameter:
precondition:

effects:

decomposition:

name:
parameter:
precondition:

effects:

decomposition:

name:
parameter:
precondition:

effects:

decomposition:

reply

P

{3

{}

{ tell-true(P) },
{ tell-false(P) }

tell-true
p

bel(P)

{3

{}

tell-false
P
bel(not(P))
{}

{}

To build the game tree (figure 3.2), the agent starts with the goal of

ask-pair. It decomposes this in a focussed fashion, using the level 1 plan

rules, finishing with a terminal node ask. Since this is the only way to

decompose ask-pair, it forms the only strategy at the root node of the

game tree (see figure 3.2). To generate the second level of the game tree,

the planner starts with the node ask. Since this constitutes a full parse

tree, it adds a parent, using the intention rules at level 2. The probability

distribution of the candidate parents is obtained. There is in fact only one
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candidate, ask-pair. This is connected to the root of the tree, forming a tree
of two nodes, with ask-pair as the parent and ask as the child. Now using
the beliefs at level 2, leftmost searching obtains ask-pair as the first focussed
non-full node. reply is then added. Since this is a non-terminal act, it is
decomposed further. There are two children that can be added - tell-true
and tell-false. Since each has a precondition whose value is uncertain, the
planner must insert a chance node before the choice node. The acting agent’s
belief set spawns a pair of belief sets, each corresponding with the outcome
of its belief about the proposition at the chance node. As result, the planner
produces the alternatives tell-true and tell-false. These spawned belief
sets are propagated through the following subtrees since the acting agent’s
belief needs only be checked once. This prevents further chance nodes being

inserted.

tell-true

O >

ask

O » | eip)]

tell-false

»O >

Figure 3.2: Game tree for a question and answer

3.4.5 Evaluation of the game tree

The second stage of deciding a strategy is the evaluation of the game tree
in the context of the agent’s belief state. Evaluation is based on the mini-
max algorithm commonly used to evaluate game trees, since this algorithm

returns the strategy of maximum expected utility [59]. This algorithm is
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a recursive function which, for any given node, finds the minimax strategy,
with respect to the other agent’s utility function, for each of its children, and
returns the one of maximum utility, using the agent’s own utility function.
While minimax was originally used in evaluating zero-sum games such as
chess, where it takes the maximum of the minimum strategy selected by the
opponent, it is used here to select the maximum strategy of the each agent
from the that agent’s perspective. Since agents have different beliefs and
different utility functions an alternating perspective must be taken.

There are chance nodes in the game tree which must be considered. In
principle, the game tree should be evaluated using minimax in every belief
state outcome, and a weighted sum taken, according to the expected utility
rule. In each possible belief state, the chance nodes can be removed from
the tree according to the value of the state. This leaves an ordinary game
tree, with no chance nodes, that can be evaluated using plain minimax. A
weighted sum of utility is taken over these trees, according to the probability
of each belief state. One way to do this is to check each possible belief
state, finding its corresponding utility and probability. In practice, a better
approach is for the evaluator to traverse the game tree, and each time a
chance node is encountered, a pair of belief models is generated from the
current one. In the first of these, the belief addressed by the chance node is
set to true (a probability of one). In the second of these, it is set to false (a
probability of zero). Each belief model is then propagated down one of the
branches of the chance node. A weighted sum is taken at the chance node.
Rather than generating all of the outcomes from the start, this mechanism
generates the outcomes on demand as chance nodes are encountered.

To implement the evaluation module, a modified form of the standard

minimax algorithm should be used [59]. This algorithm returns the best
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"play” of the game tree, that is, a path representing the maximum utility
strategies that each player is expected to choose in the course of the game.
The standard algorithm is a recursive function that returns the best play from
a game tree by obtaining the best play from the following choice node, and
then evaluating each of the strategies available at the current choice node in
the context of the following play. The difference between the standard mini-
max algorithm and the one that must be used here is that the agents disagree
about the best play. Each has different beliefs, and so rather than compute
one global best play, a best play must be obtained from the perspective of
each agent, so that its best strategy can be obtained. To do this, the central
minimax function should be first modified to return not a path as the best
play, but a tree, with branching at nodes that represent the questionable
beliefs of the two agents. This represents the best play path, but over all
outcomes of the belief state. An ”expected-utility” function should be used
to evaluate such a play, by calculating the expected utility over the leaf nodes
of the play tree, taken in the context of a belief model. To compute the best
play, the minimax function should, for each of the alternatives at the root
of the game tree, call minimax at level two of the belief model to obtain the
best act of the second agent at the second level of the game tree. At the
third level of the game tree, minimax should be called at level one of the
belief model to obtain the best act for the first agent, and so on. Therefore
minimax is called recursively, alternating between levels one and two of the
belief models to obtain the best play following each of the alternatives at the
root. Once best plays have been obtained for each of the alternatives at the
root, the evaluation function is applied to choose between them, and the one
chosen, along with the play that follows it, is returned as the minimax play.

The expected-utility function terminates at the leaves of the game tree,
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where a function should be used to calculate the utility of the parsed dialogue
history by adding up the contributions from each of the acts in the plan (see

section 2.13).

Correctness

To indicate that the evaluation algorithm is correct, but without a rigorous
proof, an outline of a correctness proof will be given. Consider that since
the evaluation algorithm is recursive, a induction proof on the size of the
game tree is suitable. For the base case, where there is one chance node,
evaluation proceeds by evaluation of the complete plans that terminate the
game tree. The one with the maximum expected utility is returned as the
minimax choice. Since this is just a matter of comparing a set of alternatives,
it is clear that it is correct. For the induction step, suppose that every game
tree of n levels is evaluated correctly. If this is the case, then for a tree of
n + 1 levels, all of the recursive calls to minimax that are made in choosing
edges for the play tree must choose the maximum utility alternative. Since
the play tree is correct, and since the evaluation of the play tree is only a
matter of taking a weighted sum over belief state outcomes, the algorithm is

a correct one.

Different game trees for different belief sets

In constructing the best play for an agent, the game tree from which the
play is derived must be constructed using the plan rules drawn from its
belief set. Therefore, at each call to minimax, a new game tree should be
constructed that is based at the level of the planning agent. Unfortunately,
this is computationally expensive since there are many calls to minimax in

a typical game tree. In fact game tree construction is much more expensive
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than evaluation, and it was found in implementation that recomputation of
the game tree is not feasible on an ordinary computer. For the current design,
the system only constructs one game tree. This is acceptable since in all of
the examples given in this thesis, beliefs about plan rules are mutual - it is

only beliefs about the domain state that differ.

Evaluation using a logical belief model

Evaluation of the game tree using a logical rather than a probabilistic belief
model requires few changes to the design of the system. If the objective of
the system is to choose the alternative with the best worst outcome (max-
imin), the weighted sum that is used with the probabilistic model can be
replaced with a function that checks which of the three values of ”believed”,
"disbelieved”, and "possible” is taken at each chance node. Where the node
proposition is disbelieved, the maximin value of the false branch is taken,
where the proposition is believed, the maximin value of the true node is
taken, and where the proposition is neither believed nor disbelieved, the
minimum of the maximin values of both branches must be taken. The util-
ity values obtained at the leaves of the game tree can either be continuous,
or some ordinal representation of plan success and failure, for example 1 for
success and 0 for failure. It is possible to transform a logical belief model to a
probabilistic one so that it can be used with the current design for the belief
model. One way is to use probability values of 1, 1/2, and 0 to represent the
logical states of believed, neither, and disbelieved. These values can then be

checked when the maximin evaluation function is applied at a chance node.
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Figure 3.3: Evaluation example for a question and answer game tree

3.4.6 Evaluation example

To demonstrate the evaluation of a game tree, the example used in section
3.4.4 is used (see figure 3.3). Suppose that ask-pair has a positive utility of
15 units, and that each of ask, tell-true and tell-false has a negative utility
of 5. To start, a belief state is initialised. Then, passing the ask branch, 5
is subtracted from the utility value. The chance node for the second agent
is evaluated at level 2. Suppose this evaluates to 0.4. In the top branch, the
proposition in the belief model for agent 2 is updated at level 2 to a value
of 1. Next the minimax choice of agent 2 is found, in the context of the
agent 2 belief model. This is trivially tell-true. A negative utility of 5 is
subtracted here. Since a leaf is reached, the positive utility for goals achieved
is computed. This amounts to 15. In the bottom branch, the proposition in
the belief model for agent 2 is updated at level 2 to a value of 0, and the
subtree is evaluated in the same way as the top branch. The top branch
returns a total of 10, the lower branch returns 10 and their weighted sum
is 10. Subtracting 5 for the initial ask act, the total utility for the tree is 5

units.
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3.4.7 Belief revision

Plan recognition is used to infer the agent’s intention given the dialogue his-
tory, so that possible continuations of a plan can be inferred. To differentiate
the possible continuations, the beliefs of the agent must also be inferred, and
the possible continuations of the plan evaluated in the context of these be-
liefs. The belief revision process is used to update the agent’s beliefs from
the evidence of executed acts. After each turn in the dialogue, the belief
revision process is called. It is also used in the evaluation process, where as
the game tree is traversed, the belief set used to evaluate a chance node must
be updated to reflect the acts in the path that leads to it. Belief revision [23]
involves the agent adding propositions to its belief set. The new set may be
inconsistent, requiring that the agent search for some set that best satisfies
the evidence given by the existing set and the new proposition together. In
a logical model of belief, one procedure might be to drop as few propositions
from the set as possible to obtain consistency. This would work quite well
for a set such as {A = B, A} with the revision =B. The inconsistent set
would then be {A, A = B,—-B} and a minimal contraction of this set would
obtain {A,—B}. In a probabilistic representation such as a belief network
[50], statistical information about the co-occurrence of beliefs in the observed
dialogues might be used to infer the causal relationship between the beliefs,
and thus construct the causal structure of the belief network. As more data
arrives, the causal structure might be recomputed. For a given current di-
alogue, the inferred network could then be evaluated using the node values
obtained, which would provide updated values for the other beliefs in the
network. There appears to be plenty of interest in the subject of inferring
belief network structure, but it is also more than a trivial problem [32], and

will not be tackled here. One way around the problem is to just assume
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that there is no causal relationship between beliefs. By doing so, each be-
lief can be updated independently and directly from the dialogue evidence.
Such an assumption works quite well, especially for the examples that will
be presented in this thesis, since for many of the preconditions found in the
dialogue plan rules, there is no causal relationship. Therefore, this is the
approach that is taken. Scenarios where this assumption does not hold as
well are discussed in Section 6.3.3.

The basic revisions that should be made by the agent are those drawn
from the preconditions and effects of the act. If an act was observed, then
it must have been the case that its preconditions held, and it must be the
case that its effects now hold. Therefore the preconditions must be added
to the observers beliefs, followed by the addition of the effects. The order
is important since effects can undo preconditions. The decomposition rule
that the agent used to choose the act should also be added as a capability
belief, but since there may be many suitable rules, it is not clear at the
moment how to do this. Grammar induction techniques might be useful for
this problem. The preconditions and effects of physical acts are added to
the belief model at all levels, but for acts whose preconditions refer to the
beliefs of the actor, only the level of the acting agent, to avoid having to
resolve conflicts between the agents’ beliefs. For example the physical act
of handing a ticket has an unquestionable effect of giving possession of the
ticket to the receiver, but the spoken act of claiming that a ticket is available
has a precondition that refers to the beliefs of the speaker and so should
be updated only at level 2 of the hearer’s belief model. An assumption of
full observability of all actions by both of the agents is made. This ensures
that any revisions of beliefs that are made as a consequence of these actions

are mutual. Therefore each proposition is adopted as a mutual alternating
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belief. For example, if the user executes an act with a belief precondition,
levels 2, 4, 6, 8 and so on are updated in the system’s belief model. As a
result of this lazy approach to belief revision, the system cannot cope with
misconception dialogues [48] in which the agent must revise its own beliefs.
For example, an agent may attempt a plan with a failed belief precondition.
This should prompt the hearer to attempt to convince the speaker that the
believed proposition does not hold. As a result, the speaker could try an
alternative plan that is enabled by the revised base beliefs.

As an example of belief revision, consider the question and answer pair
used in section 3.4.4. In executing this dialogue, the agent should respond
to the user’s answer by updating the belief model at levels 2, 4, 6 and so on.

As well as revising beliefs, the system should revise the intention rules.
Each rule specifies a probability distribution of parent intentions for a plan
tree, which should be updated from frequency counts in the dialogue data.
This is not done by inference of preconditions or effects, but rather by count-
ing the occurrence of acts in the plan tree. One difficulty with doing this is
that there could be several candidate plans that explain an act sequence. If
the probability of each plan can be obtained, an appropriate distribution of
probability mass could be given to the parents in the intention rule. This
probability might be found by checking for occurrences of each plan over all
outcomes in the game tree. Due to the difficulty of implementing this, the
revision of intention rules is left to future work. For the moment, the first
parse is taken, and every parent in the parse tree is counted in updating the

intention rules.
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Dry-land algorithm

A less simple technique for belief revision that turns out to be necessary for
some of the examples is one of searching for explanatory belief states when
an agent executes an act. For example, an agent may choose not to say that
it does not have a driver’s license in a job interview, and although choosing
not to tell has no direct preconditions, the interviewer should infer that the
candidate probably does not have a license. There might be many candidate
explanations. As another example, an agent may ask for some fruit. This
may be explained by the agent’s intention to make a fruit-salad. Equally well,
the agent may intend to paint a still-life. There may be many supporting
beliefs to these acts, such as all of the beliefs that satisfy the preconditions
that support its subacts, which should be reinforced. Beliefs that support
the agent’s other alternatives may by the same principle be weakened. There
might be many explanations, but the dry-land algorithm looks for the most
simple one, searching the space of belief models for the most probable one
given the previous belief model, in which the agent chooses the act. This is
a case of Bayesian updating. Consider that a prior distribution over belief
states is known, P(B). The planner can determine whether an act will be
chosen in each of these states, giving a value for P(A|B). This value will
be 1 or 0. To obtain the updated belief state, P(B|A) is required. This is

obtained using Bayes rule as follows:

P(B|A) = [P(A|B).P(B)/P(A)] (3.1)

Since the most probable belief state is required, the P(A) factor cancels
out when comparing P(B|A) for pairs of belief states.
A straightforward way to calculate the dry-land belief state is to randomly

sample the space of belief models, returning the most probable one in which
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the act is chosen. "Most probable” is defined heuristically as the euclidean
distance when the n probability values of the beliefs in the belief model are
interpreted as a point in n-space. There will be illustrations of this algorithm
later in the examples.

Bayesian updating has also been described by Gmytrasiewicz [26], who

shows how beliefs are updated as choices are observed in Bayesian games.

Mutuality

The planner often works with deeply nested belief models. For a plan that is
n steps deep, n levels are required. For example in a four step plan minimax
would alternate between levels 1 and 2 in obtaining the best play at the root.
The recursive call to minimax would then require alternation between levels
2 and 3 to obtain the second agent’s choice. The next recursive call uses
levels 3 and 4, and the final call is for a leaf choice node requiring only level
4. Although deep nesting seems necessary, for most of the examples, every
second level is almost identical. This is a result of the mutuality of belief
revision. Since both agents observe each other’s acts, each revision occurs at
every second level, which keeps every second level identical. For this reason,
many of the starting states of the examples were specified compactly using
two belief sets, which are then duplicated to produce a deeply nested model.
However the planner must use a fully expanded belief model so that more
difficult dialogues can be handled in which mutual beliefs are not adopted in
belief revision, or where mutuality is not present in the starting state of the
belief model. For example, a travel agent system might have a belief set at
level 1 that is quite different from the belief set at level 3, since it is expected
that the user has formed a stereotype model based on the general population

of travel agents, rather than this particular one.
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The assumption of mutuality may be more controversial once the scope
of the planner goes beyond spoken dialogue, to encompass planning and
recognition of acts in a physical world. Physical acts may not be immediately
observed, with information about the order of execution lost, and the effects
of acts overwritten by later acts. Agents may disregard turn-taking and act
before observing all of the acts of the other agent. Some perceptual model
is required. For example, a robot equipped with a sonar device would make
a sequence of partial observations over time, since some effects will have
been overwritten and some effects are hidden from immediate view. Where
the dialogue planner generates plan hypotheses that are consistent with a
history list of dialogue acts, the robot should generate hypotheses that are
consistent with the sequence of effect observations. Since observation is part
of the agent’s cycle of sensing, planning and acting, expectations can be
generated about observations as well as about actions. For example, a robot
may plan to move into another room, and in generating the continuation of
its plan, generate an expectation that another robot will fail to observe the
effects of its actions.

Mutuality has a pleasant effect on the complexity of the evaluation func-
tion. If the belief model is identical at every second level, the evaluation
function need not be applied from many different perspectives. Generally, a
call to minimax using levels 1 and 2 will result in a recursive call to minimax
that uses levels 2 and 3 and so on, but if mutuality is present, each of these
calls would return the same best play. If mutuality of plan rules is present,
only one game tree is required as well. As a result, this one game tree can
be evaluated in one pass, rather than many. This may be one reason why
dialogue participants rarely make the computational effort to consider more

than a two level belief model [72].
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3.4.8 Stereotypes

Stereotypes are used to represent a belief model not of a single agent, but
of a particular class of similar agents. The stereotype is used in choosing
a strategy that has the best expected outcome over the population that it
represents, this being what can be expected for a particular member of the
class. Where it is known that an agent is drawn from a stereotype class, but
less is known about the agent’s particular mental state, computation of an
expectation using the stereotype is appropriate.

Stereotypes are most useful when a system is used only once by a par-
ticular user, yet the belief states of the user population form tight clusters
from which classes can be derived, and when it is easy for the system to
acquire many samples of data from the population. Stereotype acquisition is
a matter of finding the belief model which maximises the probability of the
belief states of the members of the stereotype class, given that belief model.
This is a case of ?maximum likelihood estimation”, where a model is required
that predicts the data in the distribution that was observed.

Only one stereotype is used here, representing all users, avoiding the
problem of retrieving the correct stereotype for a given user. Stereotypes can
also be used to represent agents whose beliefs vary from time to time, or are
influenced by outside factors that cannot be modelled. The stereotype then
is representative of the expected beliefs of the single agent, given a number
of samples of that agent’s dialogues.

In some cases where the system is using a stereotype model of a user,
each user drawn from the stereotype interacts with the system only once. An
example would be a once-off travel booking. In this instance the stereotype
model is only one level deep, since the user has no experience of the system,

and therefore does not form a dynamic stereotype over time. On the other
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hand, if the same system interacts with the same user many times, the system
must adapt the model at the second and subsequent levels, as each develops
a dynamic stereotype of the other.

Acquisition of stereotype models is straightforward. A set of example
dialogues is taken, and the belief revision mechanism is used to update the
beliefs. For each belief in the belief state, a mean value over the example
dialogues is obtained to compute the stereotype value. From this mean value,
the correct distribution of belief states of the stereotype members can be
recovered. For example, if 6 out of 10 agents believe grass is green, the
distribution for 10 agents given a mean value of 0.6 is 6 out of 10. Happily,
the mean value can be used directly by the evaluator, as the belief probability
value, to find the expected utility over the stereotype members for a game
tree.

A variation of using the mean value is to use a decaying average of ev-
idence from recent dialogues. For example, each revision of the stereotype
might use a weighted sum of ninety-five parts of the previous stereotype
value, with five parts of the belief state produced by the current dialogue.

The system normally uses implicit acquisition, where it passively observes
the dialogues and obtains information from belief revision. There is no use
of explicit acquisition dialogue, such as direct questions, although such ques-
tions and the value of information they provide could be easily computed
within the system, just by writing some plan rules for the explicit questions
that occur when a new user is introduced, and evaluating the game tree that

results. Explicit acquisition is discussed more in the ”future work” chapter.
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Stereotype error

One less than obvious but important factor in stereotype models is error.
For example, a stereotype belief variable might take its value from ten dia-
logues, in five of which the value was true and in five of which the value was
false. While the stereotype value would then be 0.5, the true value would
be normally distributed around 0.5. This has the consequence that decisions
that depend on the value of this variable may in some cases be in error. For
example, there may be what will be termed a decision surface between
two alternatives that occurs at the value of 0.4 for the variable. The deci-
sion surface is a surface in belief space across which the maximum utility
alternative changes. Although the variable is estimated at 0.5, the actual
value falls below 0.4 with a certain probability, resulting in a mixture rather
than just one of the alternatives being taken. To deal with this problem, a
sampling system has been implemented which randomly varies each value to
simulate the error. Using 1000 samples, the system returns the alternative
of maximum utility over the 1000 samples. 1000 samples is enough to ensure
statistical significance of the decision, unless the alternatives are very close

in utility. An example of use of the sampler will be given in the next chapter.

3.4.9 Complexity

Computational complexity is a subject that must be addressed, since game
trees grow exponentially with the number of steps in the dialogue, so that
their construction and evaluation is not effectively computable. Here are

some candidate mechanisms to deal with this problem:

e Focussing In keeping with Carberry [10], the planner only admits

plan hypotheses that are focussed (see Section 2.5 for an explanation
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of focussing). This greatly reduces the branching of the game tree, yet
the unfocused plans are usually so unlikely that there is little error in

pruning them.

Alpha-beta pruning Where the agents have opposing utility func-
tions, alpha-beta pruning [59] can be used to prune away branches of
the game tree by considering that the utility of branches so far eval-
uated in the game tree bounds the utility that the agent will accept
for the unexplored branches. The agent at the previous level can use
the bound to immediately discount an entire branch. However, agents
with opposing utility functions rarely use spoken dialogue, so this sort

of pruning would rarely be useful.

Abstraction Since planning is performed by hierarchical decomposi-
tion, planning can be done at any level of abstraction. By choosing a
higher level of abstraction, the planner can look further ahead, but use

fewer steps in doing so.

Heuristic search The agent can take estimates of utility from a higher
level of abstraction, or from a breadth-first partially developed game
tree at the current level of abstraction. With these estimates, the agent
should advance the leading branches of the game tree, since the trailing
branches are unlikely to be chosen. The branch-and-bound algorithm
can also be used to prune paths without sacrificing optimality, by prun-
ing those paths that can never lead to a plan that is better than the
best one found so far. Heuristic search may be problematic however.
This is because the agents have different beliefs and utility values, and
so one agent cannot prune alternatives that are only poor from its

perspective. One way to deal with this might be to prune only those
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branches that are poor from the perspective of both agents. This ought
to be effective in the cooperative setting where despite differences of

belief, there is often agreement about the poorer alternatives.

Probability mass search The utility function is computed using
weighted sums. Therefore, error that is propagated through the game
tree in computing the utility is also weighted. Therefore, the subtrees
with greater weight deserve deeper exploration. This heuristic has been
implemented by using a mass value that is propagated through the tree
from the root. The mass is divided according to the weights at the
chance nodes. Once the mass falls below a threshold, pruning begins.
The effect of this pruning is to limit the chance nodes in the tree to
a beam, with weighted random selection of branches at chance nodes

once the threshold value has been reached.

Recombination Plans can decompose in many different ways, since
each action can have a number of decomposition rules. This leads to
many paths in the game tree for alternative subdialogues that serve
some root goal. However, once the subdialogue is finished with, the
goal’s parent is expanded in the same way, no matter which of the
paths was taken in the subdialogue. Paths can therefore recombine at
the end of subdialogues. This could be useful in generating the game
tree, but would not reduce the complexity in evaluating it since beliefs
are revised differently for each of the paths. Often though, such beliefs
might only be used within one subdialogue. For example, in booking
a flight, a subdialogue about whether the flier wants a window seat
would refer to beliefs that are only relevant to dialogues about sitting

in an aeroplane. In such cases, dialogue planning obtains the important
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property of computational tractability, with the number of edges in the
game tree being linear with the number of decomposition rules in the
plan library. The proof of this property is by induction on the plan
library. Assume first that plan libraries do not allow decompositions to
be recursive in that they refer to their own parents. This is acceptable
for most problems. Addition of a new decomposition rule to a plan
library then results in the addition of at most one extra edge at the
corresponding node in the game tree. It then requires one more edge
to recombine this node with its sibling nodes to close the subdialogue.
Therefore the size of the game tree is linear with the size of the plan
library. Figure 3.4 illustrates a plan library, and its corresponding
recombined game tree. Implementation of the recombination planner

is left to future work.

Alternating mutual belief In many dialogues, it is mutually be-
lieved that the dialogue is observed by both agents, and that appro-
priate belief revision inferences are made. Therefore whenever a belief
is revised, it can be assumed to be revised at every second level of the
belief model, producing an alternating mutual belief. For example, if
agent 1 declares that the sky is blue, it should expect that agent 2
has observed this declaration and so a revision is appropriate at level
3. This argument can be extended to level 5, 7 and so on. It is of-
ten the case that the agents begin a dialogue with mutually believed
stereotypes. For instance one may be a ‘customer’ and the other may
be a ’travel agent’. As a result, at the beginning and throughout the
dialogue, every second level is identical. This fact makes construction
and evaluation of the game tree more efficient, since only one tree is

required and it can be evaluated in one pass. Previously, it had to be
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evaluated many times from the different perspectives of the different

levels of the belief model.

Figure 3.4: Recombination example (a) Plan library (b) Corresponding game

tree with recombination

Only one of the complexity strategies has been implemented, the proba-
bility mass search, but there are no results describing its effectiveness. It is
promising in that the implementation is straightforward, and that it allows
enough samples of the possible dialogue outcomes to be taken to make an
effective decision while keeping the complexity of the chance nodes linear
with respect to the dialogue length. Unfortunately there is no general way
to prune the choice nodes. Although it seems more difficult to implement,
and requires certain properties of the plan rules, recombination might be the

next most promising candidate since it changes the complexity of the game
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tree, both choice nodes and chance nodes, without threatening to degrade
the performance of the system.

It might be argued that a system that performs computations with game
trees would be slow to respond in real time, and therefore irritating to the
user. However, for unwieldy game trees used in routine dialogues, strategies
can be precomputed by the planner, and updated at regular intervals as the
stereotype model develops, perhaps once a day. The strategies would be
represented by a stored game tree pruned to the system’s best play at each

system choice node. Such a tree could be consulted almost instantaneously.

3.4.10 Multilogues

A multilogue is a discourse with contributions from more than two agents, in
contrast to a dialogue, in which there are always two agents. Multilogues are
not considered in this thesis, nor is the planner capable of planning them,
but a sketch of multilogue planning is given here. To plan a multilogue, the
game tree is much the same as that used in the two-party case, with each
agent adding a level using its plan rules. Consider a three-party multilogue.
Assuming that the agents take orderly turns, agent 1 would plan level 1,
agent 2 level 2, agent 3 level 3, agent 1 level 4 and so on. Evaluation of the
game tree is somewhat different however. Since there are three agents, each
agent maintains a model of not one other, but two other agents. This means
that the nested belief model is a binary tree rather than a list. To compute
the best play for the game tree in a two party dialogue, the evaluating agent
would alternate between calling minimax at levels 1 and 2 as a path is followed
in the game tree. In the three-party case, the agent alternates between its
base beliefs, then the first of the nested models, then the second of the

nested models, and then back to its base beliefs. In multilogues, turn taking

82



may not pass in a circle, since speakers can address particular hearers. For
the example of a question addressed to one hearer, and for the purpose of
dry-land belief revision, the hearer who has been addressed should come to
believe that the speaker wants its answer, whereas the hearers who have not
been addressed should come to believe that the speaker wants the addressed
hearer’s answer, rather than theirs. This would not prevent an unaddressed
hearer, who believes that the addressed hearer has the wrong answer, from
attempting to take the floor. An example in a two-party case of agents
holding the floor by considering the utility value of their own and the expected
contribution of the other agent in a dialogue will be given later, in chapter

D.

3.4.11 Conclusion

The description of the planner given in this chapter has been of an informal
nature, and particularly, there has been no formal design specification from
which to derive an implementation for the planner. This is mitigated by the
choice of a high-level programming language, Prolog, for the implementation
of the planner. For example, the Prolog program specifies the minimax
and evaluation functions using recursive rules that are as useful for a design
specification as they are as an implementation. There is a guide to the
implementation given in appendix A.

Some functional requirements were set out at the beginning of this chap-
ter. One was that the planner should be based on current theories of dialogue
planning, and in basing the plan recognition and focussed forward planning
of the system the theories of Carberry [10] and Pollack [53], this has been
achieved. Another requirement was that the system should be easy to use.

This ease of use stems from the ease with which the starting mental state of
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the system can be given by the designer. He needs only to give the following:
a utility function to evaluate plan trees, and initial beliefs about plan rules.
Once this is done, the choice of strategy, management of the dialogue, and
initialisation and maintenance of the user model through belief revision is
automatic. Perhaps the most important functional requirement was that the
system offer some utility gain over a system that cannot use a user model at
all, and over a system that uses the traditional logical, rather than a prob-
abilistic belief model. There must be good reason to depart from the well
accepted logical model, and so this final requirement is the main topic of the
next chapter, in which two examples are used to establish that such a utility
gain can be obtained. These examples will also illustrate the operation of

the algorithms that have been described in this chapter.
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Chapter 4

Evaluation

4.1 Introduction

In this chapter, the achievement of the objectives set out in Chapter 1 is
shown, namely that the implemented planner is easy to use for the dia-
logue system designer and that it is more efficient than other planners. The
achievement of the first condition will become evident as two examples are
presented for which simple sets of plan rules can be used.

The second condition will be partially answered in this chapter, by show-
ing how much more efficient the planner is than those that either use a
logical, rather than a probabilistic belief model, and those that use no user
model whatsoever. However, in designing a planner that adapts itself to a
model of the user, reinforcement learning must be considered as a competitor
(see Section 2.9.1). Reinforcement learning systems use data about dialogues
with users to reinforce dialogue strategies, and so they can be said to adapt
to the user. Due to the difficulty of implementing both the planner and a
reinforcement learning system, this has been deferred to future work, but is

an important comparison to make. It is expected that in situations where
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there is little training material, the planner would perform better than a rein-
forcement learning system, especially where the plans are novel. Such plans
require the intelligent application of planning knowledge, and reinforcement
learning fails in this respect, relying instead on the brute force of training
data. Novel dialogue planning might occur in, for example, a meta-level di-
alogue about a complex domain-level plan. There will be further discussion
of this question in the future work chapter, Chapter 6.

In summary, the chapter will describe a simulation method for evaluating
the system, and compare this method with the preferable, but impractical one
of direct evaluation with users. The evaluation makes use of two examples
that are typical of the kind of problem where strategies create a decision
surface, that is, the choice between them depends on the belief state of the
agent. A user model is of benefit only for problems that have a decision

surface.

4.2 Implementation

One approach to implementation would be to write a design specification
based on the discussion in the last chapter and write a corresponding pro-
gram. Instead of this, the planner has been implemented as a Prolog program,
which serves as a directly executable specification. Each of the modules de-
scribed in the last chapter has a direct representation in Prolog. A description

of the program is given in the appendix.
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4.3 Evaluation method

The approach taken to evaluate the planner is one of dialogue simulation,
rather than trials with real users. Each approach has different advantages.
User trials are typically much better than simulation since they provide con-
crete evidence of the performance of the system in its intended setting. Un-
fortunately, they are relatively laborious to produce, taking hours of time
to produce perhaps a dozen dialogues. To produce statistically significant
results hundreds of trials may be necessary. Using a stereotype belief model,
the planner is supposed to adapt to random distributions of belief states. The
problem then arises of obtaining many different subjects so that a suitable
distribution of stereotype values is obtained. Ideally, several runs of train-
ing and testing should be used, with each run involving many dialogues and
each producing a different stereotype value - different settings would have
different characteristics, with different distributions of belief states among
the subjects. With human trials it would be difficult enough to investigate
just one dialogue problem with one distribution of users, producing just one
stereotype value. The advantage of simulation is that it allows dialogues to
be generated for many different stereotype states, allowing coverage of all
sorts of user populations and different problems. Many of the experiments
conducted for this thesis examined around one hundred different stereotype
belief states to obtain sufficiently detailed results. Such detail would have
been impossible with human trials. The main disadvantage of simulation is
that the simulation model of the user could be incorrect, leading to incorrect
results. On the other hand, this is not a problem in human trials, once enough
data is available to ensure statistical significance. Simulation treats the hu-
man user as an ideal decision-maker. It is well known that the performance of

most humans is less than ideal [20, 68, 75|, and so in using simulations, there
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is a missed opportunity to discover and accommodate the human decision-
making process. There is no assurance that the characteristics discovered
about the planning problems transfer to the human setting, nor that the ef-
ficiency claims about the planner transfer. On the other hand, experiments
have been conducted to investigate human communicative choices in game-
theoretic problems, for example, exchange of information in a war exercise
[25]. The human choices were found to be close to the ideals chosen by the
computer. The simulation approach also has some popularity in developing
dialogue systems, being used by [30] and [36] in studies of initiative in dia-
logue, and by [64] in evaluating different reinforcement learning systems on
a simulated user. The simulation method is quite easy to use, since it uses
the planner to compute the strategies of both the user and the system. This
being so, the game tree generated by the planner can be used to represent
the simulation outcomes, because the planner already simulates the user to
generate the game tree. The game tree can then be used to explore the
dialogue outcomes obtained from different belief states.

The main differences between a simulated dialogue and one with a human
participant relate to the bounded reasoning resources of the user. Some of
the game trees used in the examples are quite deep, and the dominance of
different strategies is closely related to the probability values in the belief
model. A human decision maker could not be expected to compute the game
tree with such depth or precision. A second problem is that human users
tend to fit themselves to an interface by reinforcing routine responses over
time. If the system responds to a changing belief model by changing its
strategy, there may be a period thereafter where the user performs badly as
he tries to learn a new policy to fit the new strategy. For example, most

users would be upset if the menu options or dialogue sequence available to

88



them on a graphical user interface were to change from the that which they
have become used to.

The planner is required to show an advantage over systems that have no
user model. It is clear that a system with no user model will not change its
strategy as the user or population of users changes. Therefore, the only way
to design such a system is to make a good choice of strategy at design-time,
and fix it for the lifetime of the system. For example, if there is a choice
between two strategies, the planner is compared with the best of these as the
system’s fixed strategy. It is difficult though to quantify the gain, since if the
belief model does not change much during the lifetime of the system, then
the system does not need to change its strategy and so there is no gain over
one of the fixed-strategy planners. It is only when the belief model drifts
across the decision surface that a gain is obtained. Without user data the
path that the belief model takes cannot be known, and so the gain obtained
over the system’s lifetime is not clear.

One of the stated objectives of the system is to provide an efficiency gain
over current dialogue systems using a finite state or frame-based dialogue
manager. It is not hard to translate the plan rules of such planners into
equivalent hierarchical plan rules of the sort used by the fixed-strategy plan-
ner. Each parent in a hierarchical rule can be used to represent the state, the
first child the output of the system, and the second child the next state. Con-
versely, the fixed-strategy form of the examples given in this chapter have a
finite state equivalent, since each parent can be written as a state, with alter-
native decompositions represented by alternative edges and next-states. The
preconditions must of course be ignored in performing this transformation.
Due to this equivalence, it can be said that a comparison with finite-state

systems is being made.

89



4.4 Amenable problems

The kind of dialogue problems to which the planner can be applied are those
that first of all have an element of risk generated by preconditions whose
satisfaction is uncertain to the deciding agent. For example, a speaker might
decide whether to ask a mechanic to fix his car or whether to fix it himself. He
might be sure of the outcome should he perform the repair himself, but for the
mechanic to make the repair, there would be some risk due to preconditions
like having the right tools, or knowing how to fix the car. As well as having
risk, there must be a decision surface between the alternatives of the decision.
For example, if the worst outcome for allowing the mechanic to make the
repair is a utility of 10, the best outcome a utility of 20, but the outcome
for the speaker repairing the car himself is 25, the planner is of no benefit
because 25 does not lie between 10 and 20 and no decision surface is formed.
On the other hand, if the utility lay between 10 and 20, say 15, the planner
would be useful, since without a nested belief model, the best alternative is
unclear. In this case the planner would at best obtain a utility gain of 5
units over a planner with no user model, but the utility gain would never
be negative. While a logical model would be more useful for this problem
than no user model at all, it would be of little use where the estimate of the
mechanic having the right tools is based on many samples of past experience
rather than absolute knowledge of this particular mechanic.

In Section 4.5 and Section 4.6, two problems will be discussed, which have
risky alternatives between which there is a decision surface. These problems
particularly focus on taking initiative in dialogues, where an agent must
decide whether to open a dialogue, and how much to invest in communicating
its intention or contributing to the plan should it do so. Example 1 deals with

initiative taken in grounding the speaker’s intention, where the speaker can
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choose between strategies of different levels of risk of misunderstanding. The
less risky strategies have a higher cost. The hearer can also take initiative
in grounding the intention by planning a clarification subdialogue, which
reduces risk. Example 2 deals with initiative in introducing a goal to a
dialogue. In this problem actions have preconditions which can fail, which
determines whether the speaker should introduce it, or take the risk free
alternative of allowing the hearer to introduce the goal if his preconditions
are satisfied. What is common to both of these problems is that the agent can
choose between a less risky alternative, whose utility is more or less constant
with respect to a belief, and one that is more risky, having a utility that
varies with the belief. Because of this variation, a decision surface is formed.

It may be argued that there are few problems that exhibit a decision
surface, and therefore not much need for the planner. However, one need
only look to work on reinforcement learning (Section 2.9.1) to know that
inference of a model of the user from dialogue data makes a difference to the
strategy taken in a dialogue. Although reinforcement learning is not always
used to adapt to one or a group of users, but rather to the characteristics of
the dialogue itself (such as the execution cost of different strategies), some
of the justifications for that work are inherited by the planner.

That decision surfaces do occur regularly in everyday dialogue is evi-
denced by the human tendency to find out about and commit to memory
the state of the world and the mental state of the actors found in it. If few
decisions depended on knowing whether preconditions were satisfied, people
could go through life spending very little effort on learning about the world.
For example, a mechanic would find a decision surface in choosing to ask his
colleague to mend an exhaust and doing it himself, with beliefs about avail-

able tools and parts, his colleague’s skills and availability, and the likely cause
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of the problem all potentially causing a decision surface for the alternatives.

The planner, whose belief model is probabilistic, should be compared with
planners that use a logical belief model, as well as planners that use no belief
model at all. It will be shown that at some intermediate point of probability
for a belief, between 0 and 1, the strategy of the agent should change, and
since a logical belief model does not record probabilities, it is impossible to
use it to decide a strategy based on maximum expected utility. Moreover,
the difference in utility between strategies on one side of the decision surface
can strongly favour one strategy, whereas on the other side of the surface,
strongly favour the other strategy. Therefore, the agent needs to maintain
its state on a continuum of belief states rather than at the extreme points of

this continuum.

4.5 Example 1: Risking misinterpretation

This Section will present the first example dialogue planning problem. Often
in dialogues, communicative choices come with different levels of risk. In a
paper by Carletta [12], it was explained that by making a low risk commu-
nicative choice, the speaker must make more effort, but with the benefit that
the hearer is less likely to make a misinterpretation that would lead to failure
of the plan. On the other hand, the speaker can choose a risky alternative,
which requires less effort, but in turn has the risk of costly recovery. Carletta
explains a number of such choices such as specificity of referring expressions
and indication of focus shifts. There are also corresponding recovery strate-
gies, such as replanning, clarification subdialogue, and repetition of the plan.
Sometimes both agents have the opportunity to initiate a recovery strategy.

There are many other risky devices that can be used in dialogue. At the se-
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mantic level, examples are anaphora and ellipsis, syntactic ambiguity, or use
of words and phrases with ambiguous senses. At the pragmatic level, there
can be incomplete evidence given by the speaker to unambiguously identify
his dialogue plan, or insufficient amount of clarification used by the hearer
in eliciting it. Such choices are commonly made when agents try to establish
mutual beliefs (known as ’grounding’) [15]. Hearers must continually decide
whether to open clarifications when it is not certain that the speaker’s belief
has been established as mutual. As an example of establishing mutual belief,
consider giving someone a phone number over a noisy telephone line. The
noise creates risk in the outcomes of the agents’ communicative choices. It
may take several exchanges of confirmations before the hearer is happy that
it has the right number, that the other agent believes it has the right number
and so on.

In this section, a quantitative approach is taken in planning to take risks
in dialogue, complementing Carletta’s paper which gives details of particular
types of risk-taking, but does not explain how risk-taking might relate to
dialogue planning. Only one example is used here, that of the planning of a
referring expression to describe an object car-spanner, but other types of
risk taking would be planned in the same way. There is a choice between a
low risk referring expression, which cannot fail to correctly identify the ob-
ject, and a high-risk referring expression, which requires less effort, but risks
misinterpretation by the hearer as bike-spanner instead of car-spanner

The low-risk expression is:

"T need the two-inch hexagonal double-jointed wrench so I

can fix the wheel nut"

The high-risk expression is:
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"I need the spanner"

In choosing the high-risk expression, the speaker is declining the initiative
in the objective of grounding his intention. Instead, the hearer has a choice
of using a clarification dialogue with which it takes the grounding initiative
instead. The risk varies according to the state of the belief model. If the belief
model causes the agent’s candidate intentions to be recognised as equally
likely, the risk is high. However, if one of those intentions were to be more
likely than the other, the risk is low and so the risky alternative would be a
better choice.

The effect of stereotype acquisition will be demonstrated in this example,
showing a performance improvement with each dialogue run, as more and
more data accumulates. To this end, the sampler as described in Section

3.4.8 is used.

4.5.1 Plan library

The plan library for the problem is described diagrammatically in figure 4.1.
The notation used in this diagram is intended to represent the decomposition
rules that form the capabilities of the agent. The "decomp” diamond shape
represents the relation ”Act A may be decomposed to acts Al....An”. The
colour coding is intended to indicate the agent who executes each of the
acts. Blue represents agent 1 and pink represents agent 2. To apply these
rules, the agent might start with fix-car for example, and follow a chain of
decomposition to find an act to execute. In this example, ask-car-spanner
would be chosen. The agent then has a choice between three decompositions
resulting in one of the leaf acts ask-car-unambiguous and ask-ambiguous.
The belief model used for this problem is 5 levels deep, corresponding

with planning to a depth of 5 steps. Each level is initialised with the same
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fix-car

decomp

ask-car-spanner

( ask-car-unambiguous >

( lend-car-spanner ) use-car-spanner

ask-ambiguous

ask-bike-spanner > ( lend-bike-spanner )

; &

ask bike-unambiguous ) ( ask-ambiguous )

Figure 4.1: Plan library for the risk problem
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belief set, since their is no dispute between the agents over the plan rules for
the problem. The code used by the planner now follows. Notice that all of the
decomposition rules from figure 4.1 are included, as well as some intention
rules. Recall that these rules are used for inferring parents in full subtrees
during plan recognition. Of particular interest is ask-ambiguous, which being
risky, has two possible parents. Notice the correspondence between this
specification language and the definition of the agent state given in Section

3.4.2

p(decomp(fix-car,

[ask-car-spanner,lend-car-spanner,use-car-spanner]), 1),

p(decomp (ask-car-spanner,

[ask-ambiguous,clarify-car]),1),

p(decomp (ask-car-spanner,

[ask-car-unambiguous]), 1),

p(decomp (ask-car-spanner,

[ask-ambiguous]),1),

p(decomp(clarify-car,

[ask-clar,answer-car]),1),

p(decomp(fix-bike,

[ask-bike-spanner,lend-bike-spanner,use-bike-spanner]),1),
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p(decomp (ask-bike-spanner,

[ask-ambiguous,clarify-bike]),1),

p(decomp (ask-bike-spanner,

[ask-bike-unambiguous]),1),

p(decomp (ask-bike-spanner,

[ask-ambiguous]),1),

p(decomp(clarify-bike,

[ask-clar,answer-bike]) ,1),

p(intend(fix-car,

[ask-car-spanner]),1),

p(intend (ask-car-spanner,

[ask-ambiguous]),0.5),

p(intend (ask-car-spanner,

[ask-car-unambiguous]), 1),

p(intend(fix-bike,

[ask-bike-spanner]),1),

p(intend (ask-bike-spanner,
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[ask-ambiguous]),0.5),

p(intend (ask-bike-spanner,

[ask-bike-unambiguous]),1)

The utility function for this problem is given in the code fragment below.
For simplicity, utility functions have been implemented as mutual, and so are
specified outside the nested belief model. The values chosen are estimated,
rather than directly based on empirical data. A reward of 100 is given if
the correct spanner is passed. This is reduced to 80 if the wrong spanner is
passed since it would cost 20 units to replan and execute a dialogue in which
the agent asks again. If the first agent replans the dialogue, then the hearing
agent must accommodate the second attempt by discounting the intention
state in which the speaker intended the spanner that he was given on the
first attempt. This revision uses the dry-land algorithm. As a result of this
revision, the speaker need only ask for the spanner again, and the hearer
ought to realise that he has passed the wrong spanner in the first instance.
Since the dialogue is guaranteed to succeed at the second attempt, there is a
constant 10 for asking and 10 for giving. Rather than build a game tree deep
enough for both attempts, the reward of 80 rather than 100 was placed at
the leaf corresponding with the failure of the dialogue on the first attempt.

While the utility values for the acts were estimates, informal checks were
made to ensure that reasonable variations of these values did not result in
more than proportionate changes to the utility values of the alternatives
available to the agent. It was found that utility functions retained their
general shape and decision surfaces remained approximately in place. These

checks did not systematically vary the utility values, nor were the results
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recorded, but they provide some evidence that the results are reasonable.
Checks were performed for each of the demonstrations in this thesis.

Notice that the utility function is compositional, in keeping with the
discussion in Section 2.13, where it was claimed that the value of a dialogue
could be worked out using a sum of the reward for task completion and the

sum of the costs of the dialogue acts.

utility(ask-ambiguous,-5).
utility(ask-car-unambiguous,-10).
utility(ask-bike-unambiguous,-10).
utility(lend-car-spanner,-10).
utility(lend-bike-spanner,-10).
utility(ask-clar,-3).
utility(answer-bike,-1).

utility(answer-car,-1).

utility(use-car-spanner,0).

utility(use-bike-spanner,0) .

reward(Plan,100) :- plan_contains(Plan,fix-car),

plan_contains(Plan,use-car-spanner), !.

reward(Plan,100) :- plan_contains(Plan,fix-bike),

plan_contains(Plan,use-bike-spanner), !.

reward(Plan,80).
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4.5.2 Demonstrations

In the series of demonstrations that follow, the game tree is taken one piece
at a time, showing how the strategy of the system varies with the belief
model, and finally comparing the system with each of the fixed strategies
for the problem. Two parameters are important. First, the intention rule at
level 3 is varied to represent the level of risk in asking for the car-spanner.
This is because the second agent is expected to use the rules at this level in
recognising the first agent’s plan, and in particular, to decide which spanner
to lend to him. This variable is called p. Second, since the sampler is
employed in the demonstrations (see Section 3.4.8), the stereotype error with
which the agent has estimated p is also varied. This is represented by n, the
number of dialogues on which the belief model has been trained. A range of
values, 2, 8, 32, and 128, was used for n. In the demonstrations, the first

agent enters the dialogue intending to use the car-spanner.

The game tree

Figure 4.2 describes the game tree that is generated by the planner from
the plan library. At the root node, the first agent takes grounding initiative
in choosing a non-risky strategy, or declines the initiative by taking a risky
strategy. The non-risky strategy leads to the always successful outcome de-
scribed by the lower branch. The risky strategy leads to a choice by the
second agent about whether to clarify the first agent’s intention. If it does
clarify, there are two possible responses from the first agent, leading to the
conclusion of the dialogue. If it does not clarify, it must choose between

responses, each of which risks failure.
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answer-car lend-car-spanner use-car-spanner
O > >

ask-clar [3,intend(ask-car-spanner)]

answer-bike A~ lend—blke—spannfh use—blke—spanngr
A\ A v

use-car-spanner

ask-ambiguous / lend-car-spanne

»( [3,intend(ask-car-spanner)]

.
A

[3,intend(ask-car-spanner)]

use-bike-spanner

ask—unambiguousr\ lend—car—spannerﬁ use-car-spanner
U 4 >

Figure 4.2: Game tree for example 1

Belief revision

During the dialogue the belief state of the first agent changes due to belief
revision. To illustrate the development of the belief state consider an example
initial state. Notice that there are five levels since the game tree has a depth

of 5.

level 1:
{

p(intend(ask-car-spanner),1)

3

level 2:
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level 3:

{
p(intend(ask-car-spanner),0.7)
p(intend(ask-bike-spanner),0.3)
}

level 4:
{
+

level b:

{
p(intend(ask-car-spanner),0.7)
p(intend(ask-bike-spanner),0.3)
}

Now consider the alternatives available in the game tree (figure 4.2). ask-
ambiguous has no effect on the mental state since there are two alternative
parent intentions to this act. On the other hand, there is only one parent
available for ask-unambiguous and so agent 2 may revise its belief about
agent 1’s intention. This is an alternating mutual revision and so level 3 and
level 5 are revised. The same effect is obtained by using the answer-car and
answer-bike acts since these two have a single possible parent intention. The

following is the resulting belief model:

level 1:
{
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p(intend(ask-car-spanner),1)

}

level 2:
{
}

level 3:
{

p(intend(ask-car-spanner),1)

}

level 4:
{
}

level 5:
{

p(intend(ask-car-spanner),1)

}

Demonstration 1: The second agent’s response

In this demonstration, the second agent’s response to the risky strategy is
analysed, but for now, the clarification alternative is ignored. The piece of
the game tree that is examined is described in figure 4.3. For this game tree,

the evaluator is expected to produce for the upper branch:
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— 10+ p.(0 + 100) + (1 — p).80

(4.1)
=20p 4+ 70
For the lower branch, the evaluator is expected to produce:
— 10 + p.80 + (1 — p).100
(4.2)

=—20p+ 90

These formulas can be verified by looking at the utility function in Section
4.5.1. To find a decision surface between the two alternatives, the points in
the belief space at which the alternatives have equal utility are found. There

is one solution in this case.

20p + 70 = —20p + 90 (4.3)
=40p = 20 (4.4)
=p =105 (4.5)

Therefore, it can be expected that the second agent will lend the car
spanner when p > 0.5, and will lend the bike spanner when p < 0.5. Figure
4.4 is a plot of the planner’s output, which conforms to expectations. This is
the plot for n = 8 which is identical to the plots for the other training levels,
2, 32 and 128.

Demonstration 2: Planning the first move

In this demonstration the decision of the initiating agent on the first move
is examined. Once again, the clarification subtree has been omitted for the

moment. The game tree is described in figure 4.5.
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use-car-spanner
»

»

lend-car—spanne= [intend(ask-car-spanner)]

ask-ambiguous ‘r)
TN

1end-b1ke-spann= [intend(ask-car-spanner)]

use-bike-spanner
| -

»

Figure 4.3: Game tree for the second agent’s response

90 S 1 T
. lend-bike-spanner --
. end-car-spanner
85 e
2
= 80
S
75 : <
70 k= .
0.2 0.4 0.6 0.8 1
P(intend(car-spanner))

Figure 4.4: Utility of strategies against P(intend(car-spanner))

There are two alternatives available - ask- ambiguous and ask- unambigu-

ous. For evaluating the tree (see Section 2.13), the first agent must evaluate
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use-car-spanner

»

lend-car-spanne
»

»

[intend(ask-car-spanner)]

ask-ambiguous ;f)
TN\

lend-bike-spann

>

[intend(ask-car-spanner)]

use-bike-spanner
»

Ll

ask-unambiguous__ lend-car-spanner use-car-spanner
»() »() >

Figure 4.5: Game tree for the first agents choice without clarification

the second agent’s decision at level 2, and then evaluate the chosen branch
of the tree using level 1. In particular, from the first agent’s perspective, the
chance node at the third move is evaluated at level 1, whereas when the first
agent takes the second agent’s perspective, it is evaluated at level 3.

ask-unambiguous has a straightforward utility value:

u(auw) + u(les) + u(ucs) + reward
——10—10+0+ 100 (4.6)
=380

On the other hand, ask-ambiguous is more complicated, because the re-
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sponding agent’s decision changes with the decision surface at p = 0.5. There
are thus two cases:

if p<0.5

u(aa) + u(lbs) + reward
=—5-10+80 (4.7)
=65

ifp>0.5

u(aa) + u(les) + reward
——5—10— 100 (4.8)

=85

Therefore, when p < 0.5 the non-risky alternative (80) is better than the
risky alternative (65). On the other hand, if p > 0.5, the risky alternative
(85) is better than the non-risky alternative (80) . It might then be expected
that the utility curve is a step function. It is not quite, because estimation
error comes in to play. Near the decision surface, estimation error causes the
responding agent’s decision to spill across the surface. For instance, if p is
estimated at 0.55, it is quite possible that the actual value is 0.45, resulting
in a different choice and a different utility value. Using four degrees of es-
timation error, corresponding with 2, 8, 32, and 128 samples, the sampling
version of the planner obtained the curves in figure 4.6

The spill is clearly evident in the plot, and has a significant effect on
the decision of the agent since the step is so abrupt. For a naive agent,
who has only experienced two samples, the decision surface is not at 0.5

but past 0.7. As the number of samples increases, the curve approaches the
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Utility
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ambiguous n=8 --------

ambiguous N=32 e
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0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
P(intend(car-spanner))

Figure 4.6: Utility of strategies against P(intend(car-spanner))

step function form that was expected of an agent with no estimation error.
This demonstration confirms that error estimation, as well as probabilistic
reasoning, plays an important role in dialogue decisions. Error estimation
also has some effect on the utility curve. Notice that the area under the
curve is somewhat greater as n becomes larger. This increased area provides
extra impetus for the agent to engage in a dialogue, since what is learned
during it improves the agent’s performance in later dialogues. The most
straightforward way to compute the impetus would be to compute deeper
game trees, so that the current dialogue, and the later ones, are accounted
for within one game tree. To do so may require algorithms that limit the
combinatorial explosion of the game tree, outlined in Section 3.4.9. For
example, many instances of the spanner dialogue could be joined to produce

a long chain. This approach could also be used to evaluate explicit user model
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acquisition questions, which can be used when the user is introduced to the
system, but whose value is obtained slowly over the course of future dialogues.
In general, it makes sense for the planner to plan not just the immediate
dialogue, but to construct very deep game trees, so that the value of a belief
that is learned about now can be checked by also making evaluations using
that belief in the rest of the game tree. Further discussion of this idea is left

to the future work section in Chapter 6.

Demonstration 3: Clarification

This demonstration returns to look at the second agent’s response to the risky
strategy. This time, the clarification subtree is added as a third alternative,

illustrated in figure 4.7.

answer-car L~ lend-car-spann?rr\ use-car-spanner
Y% Y >
ask-clar .
[intend(ask-car-spanner)]
answer-bike L~ lend-blke-spannf;\ use-blke-spanmz;r
Y% Y >
: use-car-spanner
ask-ambiguous lend—car—spanneli_ .
=(> o[ [intend(ask-car-spanner)]

lend-bike-spann [intend(ask-car-spanner)]

use-bike-spanner

Oo—

Figure 4.7: Game tree for second agent’s response with clarification

The utility of the lower branches, lend-car-spanner and lend-bike-spanner

is that same as before. Additionally, the utility of the clarify branch is:
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u(ask — c)
+ p.(u(ans — ¢) + u(les) + u(ucs) + reward)

+ (1 —p).(u(ans — b) + u(lbs) + u(ubs) + reward)

=-3 (4.9)
+ p.(—=1 =10 + 100)

+ (1= p).(=1 — 10+ 100)

=86
90 < T
lend-bike-spanner
lend-car-spanner ---
ask-clar. .+
85
2
= 80
5
75
70 L=
0 0.2 0.4 0.6 0.8 1

P(intend(car-spanner))

Figure 4.8: Utility of strategies against P(intend(car-spanner))

The plot for the planner’s output is given in figure 4.8. Notice that in the
middle region for p, between 0.2 and 0.8, clarify is the best strategy, but that
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at the extremes, there is less risk, and so clarification is not appropriate.

Demonstration 4: The complete tree

In this section, the performance of the system using the complete game tree

is described, repeated here in figure 4.9. Now that the clarify alternative has

been introduced to the tree, it would be expected that the first agent could

more readily drop the grounding initiative on the first move, and expect the

second agent to pick it up at the second move.

answer-car lend-car-spanner use-car-spanner
»{ ) »{ ) >
> ) > ) L

ask-clar [3,intend(ask-car-spanner)]

answer-bike L~ lend—blke—spannf;\ use—blke—spanneg
" U >

use-car-spanner

ask-ambiguous r\lend—car—spanne

O > [3,intend(ask-car-spanner)]

[3,intend(ask-car-spanner)]

use-bike-spanner

ask-unambiguous._ lend-car-spanner__ use-car-spanner
> ) >

Figure 4.9: Complete game tree

As before, at the first move, the unambiguous alternative yields 80.

risky alternative now has three cases:
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if p<0.2
u(aa) + u(lbs) + reward
— —5—10+80 (4.10)
=65
if p>0.8
u(aa) + u(les) + reward
= —5-10—100 (4.11)
=85
if p<0.2andp>0.28
u(aa) + u(clarify)
= — 54+ 86 (4.12)
=81
Therefore, the planner is expected to produce a curve with a constant
65 in the left interval, a constant 85 in the right interval, and a constant
81 in the middle interval. The unambiguous strategy is at 80, and so for
this configuration of the problem, the agent should drop the initiative in the
middle interval and allow the other agent to pick it up at the next move. It
is not hard to alter the utility function so that the agent should instead take
the initiative in the middle interval. This is because the grounding effort is
more or less the same, no matter who takes the initiative. Figure 4.10 is a
plot of the planner’s output, clearly showing the three intervals, and the close
competition for initiative in the middle interval. Spill is once again evident
here, with the system dropping the initiative for the best part of the middle
interval for low values of n, but taking it up as n becomes high.

Figure 4.10 also provides an illustration of the need for a probabilistic

belief model, rather than a logical one. A logical model must take one of the
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two extremes on the probability scale, whereas a probabilistic model can take
any value on this scale. Therefore, the decision surface that occurs around
the point 0.2 would not be recognised using a logical model, even though the

relative utility of the strategies varies greatly across this decision surface.

85

80

75

Utility

70

N

unambiguous
ambiguous n=2 -------
ambiguous n=8 --------
ambiguous N=32 -

) ambigucl)us n:128I P

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
P(intend(car-spanner))

60

Figure 4.10: Utility of strategies against P(intend(car-spanner)) for four lev-

els of error

It is interesting to compare the utility of the risky strategy in the complete
game tree with that in the game tree without the clarification subtree. This
comparison is plotted in figure 4.11, for n = 8. Notice that using clarification
provides greater utility for the most part, except for the region to the right,
where clarification is chosen in error by the second agent, since the first agent
intends a car-spanner, and had clarification not occurred, the second agent
would have taken its best guess instead, which would have turned out to also

be the car-spanner.
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P(intend(car-spanner))
Figure 4.11: Utility of strategies against P(intend(car-spanner))

Demonstration 5: Comparison with fixed strategy

In this section the complete game tree described in figure 4.5 is used to
demonstrate the gain in efficiency of the planner over one that does not
adapt its strategy to a probabilistic belief model. The probability that the
first agent intends to have a car-spanner is varied along the x-axis, and the
second agent’s belief about this intention is given an equal value. This is
reasonable since it would be expected that the hearer would have learned
that value through belief revision over the course of previous dialogues. To
bind the planner to a fixed strategy, the game tree was pruned at the root
node, forcing the first move to be fixed, but not restricting the rest of the
moves.

In the left hand plot of figure 4.12, the utility gain is plotted for the
fixed risky strategy. This graph was obtained by evaluating the pruned and
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P(intend(car-spanner)) P(intend(car-spanner))

Figure 4.12: Utility of strategies against P(intend(car-spanner)) for different

fixed strategies

unpruned game trees and taking the difference in utility. Notice that a gain
is obtained by the use of an unambiguous strategy in the central region, since
this strategy is more effective when there is risk in determining the agent’s
intention. Away from the centre, there is no gain ( and no loss ) since both
the pruned and unpruned trees yield the ask-ambiguous strategy. On the
right, the utility gain is plotted against the fixed non-risky strategy, where a
gain is obtained by correctly taking a risk when the intention is more clear.
In the centre of the graph, both trees take the ask-unambiguous strategy.
These results show that the probabilistic planner obtains a utility gain of as
much as 5 units over both of the fixed-strategy planners over a significant
region of the belief space. This compares well with the maximum dialogue
length, which is 20 units. There is also some difference in gain between
different levels of sample error, with a high degree of error having a slightly
negative effect on the performance of the probabilistic system. If the value for
p(intend-car-spanner) varies over the lifetime of the system, a considerable
gain is obtained by the planner over a fixed strategy system.

Now the performance gain plots are shown for the complete game tree,

115



including the clarification subtree, given in figure 4.9.

25 T 5
+

Utility G:
Utiity Gain

e
05 T = 1

0 0
0 0.1 0.2 0.3 04 0.5 0.6 0.7 08 0.9 1 0

P(intend(car-spanner))

Figure 4.13: Utility of strategies against P(intend(car-spanner)) for different

fixed strategies

In the left hand plot of figure 4.13, the utility gain is plotted for the risky
strategy. Notice that little if any utility gain is obtained by the planner. This
is because in the middle region, where the risky strategy is expected to fail,
the responding agent picks up the initiative on the next move, who chooses
a clarification subdialogue. The scattering of points just above the x axis for
n=2 is explained by the high sample error, which pushes the utility of the
risky strategy slightly below that of the non-risky strategy. The conclusion
drawn from these results is that as long as one agent uses probabilistic rea-
soning, there is no need for the other one to. Particularly, a fixed-strategy
dialogue system will perform just as well with a human partner, as long as
the human partner can be relied upon to pick up the initiative. If he cannot
be relied upon to do this, the gains are as in figure 4.12, and probabilistic

reasoning makes a considerable difference to the planner’s performance.
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4.6 Example 2: Goal introduction problem

This section describes a practical problem that can be encountered in cus-
tomer service dialogues. The problem is that of deciding to add a goal to the
dialogue plan. Like the first example it is a problem of initiative, since either
the first agent or the second agent could be the one to add the goal. The
problem is one that is familiar to patrons of fast-food restaurants, where the
customer initiates the dialogue by placing an order. In response, the agent
might add new goals, like offering fries or a drink. This would be a valuable
initiative if the customer were not aware that such things were available for
sale, but would buy them if they were. On the other hand, it would be less
valuable if most customers knew what was for sale, and rarely wanted any-
thing other than a hamburger. Another example is at an airport check-in,
where a customer may not believe that a window seat is available, and so
may not waste time asking for one. On the other hand, the agent may be-
lieve that most customers do not want a window seat and so may not waste
time offering one. This problem is again one of choosing between the riskier
alternative of introducing a goal that might fail, and the less risky one of
passing the initiative to the other agent. It is also a symmetrical problem
since both agents make risky decisions in introducing the goal.

A plan library has been constructed for the window seat problem. This is
described in figure 4.14. Notice that the first agent can begin with a goal of
getting a window seat, or of getting any seat. The second agent can respond
by taking the initiative and offering one directly, or it can drop the initiative
and move with a pleasant chat about something else. There is a precondition
to offering that the agent believes that it has an available seat. If the second
agent takes the latter alternative, the first agent then has the option to pick

up the initiative by asking for a window seat, or drop it and move instead
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with a pleasant chat about something else. If it asks, then, if the second
agent’s precondition of having a seat is satisfied, it will give the first agent a

window seat.

book-flight-any

discuss-details get-any-seat

discuss-details

decomp

have-seat

Figure 4.14: Plan library for goal introduction problem
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From this plan library, the planner produces the game tree described in
figure 4.15. Notice that in this tree the bel(have-seat) precondition causes
the introduction of a chance node that determines whether the agent can
offer. The have-seat precondition determines whether it can give. ask and
accept only occur if the agent intended book-flight-window. Therefore a
chance node is introduced before these acts. This chance node is generated

by the parent intention rules.

~accept

S
"ffer—,E [intend(book-flight-window)]
~reject
S N
_give
:) S
ask [have-seat]
[t [ tintend(bookefight-window)) chat
chat
N )
OM'E [bel(have-seat)] ~ )
~ygive
S
ask [have-seat]
chat
S
chat )
A 1 lintend(book-flight-window)]
S ]

~chat
'

Figure 4.15: Game tree for the goal introduction problem

4.6.1 Demonstrations

The demonstrations for this problem follow a pattern similar to that of ex-
ample 1. Sampling was not used, and so a belief model with no error is
presumed. Unlike example 1, this problem has two variables, the user’s
intend (book-flight-window) and the agent’s bel(have-seat). These beliefs oc-
cur at different levels of nesting. For example, bel(have-seat) needs to be
evaluated at level 2 corresponding with its occurrence the second level of
the game tree. it also is evaluated at level 4, corresponding with its occur-

rence the fourth level of the game tree. For the purpose of simplifying the
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demonstration by reducing the number of variables, it is assumed that be-
liefs are mutual, which renders level 2 and level 4 beliefs equal, and reduces
the problem to one of two variables. This is a reasonable assumption in the
usual circumstances that acts are always observable to both agents and so all
the belief revisions that develop their belief sets make mutual updates ( see
Section 3.4.7). The following demonstrations present and explain the output

of the planner.

Demonstration 1: Lower branch

This demonstration explores the form of the utility function in the lower
branch of the overall tree, from the second agent’s perspective. There is in
fact only one choice node in the subtree that has more than one alternative,
and for it a decision surface is expected between ask and chat. The only
source of variation in each of the alternatives is the have-seat node, and so

the following solution is found for the decision surface:

u(ask) = u(chat)
= — 5485+ 10g = 87 (4.13)
=q = 0.6
Along the intend(book-flight-window) axis, the utility function is ex-
pected to be linear since there is a weighted sum over the two invariant
sub-branches. The plot from the planner’s output is shown in figure 4.16.
The decision surface is just visible.
To further verify the results, the corner points of the belief space were
each checked, and were found to be consistent with the planner’s output.
intend (book-flight-window) is in the x position, and bel(have-seat) is in the

y position.
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Figure 4.16: Utility of strategies against P(intend(book-flight-window) and
P(bel(have-seat))

At 0,0, the user doesn’t intend to have a seat, chat is expected to be
chosen with an outcome of 100 for the reward plus a negative cost of

1+ 1 for the chats, totalling 102

e At 0,1 the user doesn’t intend to have a seat, so again chat is chosen

giving 102

e At 1,0, the user intends to have a seat but doesn’t ask since he believes

there is none available, giving 85+ 1+ 1 = 87

e At 1,1 the user intends to have a seat and does ask, giving 100 for

success +1 for chat —5 for ask and —5 for give, totalling 91
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Demonstration 2: Upper branch

In the upper branch of the game tree, there are two alternatives available
at the second step of the plan. The offer branch is expected to be linear
with respect to intend(book-flight-window). In fact the line is flat since
each branch has equal utility. It is expected to be constant with respect to
bel(have-seat). Therefore the offer branch is constant with respect to both

variables.

intend
book-flight-window

Figure 4.17: Utility of strategies against P(intend(book-flight-window) and
P(bel(have-seat))

The chat branch is followed by a chance node, and so its utility is a
weighted sum of two sub curves. The chat sub curve is a constant 101.
In the other branch, the agent has a choice between chatting and asking.
Chatting gives a constant 86 whereas asking is linear between 80 and 90.

Therefore there is a decision surface at 0.6. The plot is given in figure 4.17,
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with different point styles for the chat and offer alternatives, highlighting
their decision surface.

As further verification, the corner points were checked, taking
intend (book-flight-window) in the x position, and bel(have-seat) in the y

position.

At 0,0, 102 is obtained, since the lower branch is taken

At 0,1, 102 is obtained, since the lower branch is taken

At 1,0, 87 is obtained, since if the user asks and doesn’t get 79 is

obtained. but chat obtains 87, so chat is chosen

At 1,1, 91 is obtained, since the user asks and gets and so the system

chooses chat

Demonstration 3: Overall utility

The utility plot for the whole game tree is plotted in figure 4.18.

Demonstration 4: Distribution of initiative

This demonstration illustrates the distribution of initiative over the belief
space. In the following, the frequency with which a seat was offered was
plotted. It was expected that the agent would offer a seat if the intention
value was high, but that when the belief about having a seat value was also
high, that the agent would override this decision since the other agent can be
expected to take up the initiative instead. The system behaved as expected,

seen in figure 4.19.
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Figure 4.18: Utility of strategies against P(intend(book-flight-window) and
P(bel(have-seat))

Then, the frequency with which a seat was asked for was plotted. This
was expected to happen when bel(have-seat) was highly valued by the user.
This is shown in figure 4.20

Finally, the total of the contributions of initiative from each of the agents

is given in figure 4.21.

Demonstration 5: Efficiency

The system was compared with a fixed strategy planner, using a method
very similar to that used in example 1. Taking just the upper branch of the
game tree, a comparison was made for the decision between offer and chat
that is made by the agent. The subtree was pruned to produce two fixed-
strategy trees. In figure 4.22 (a) the gain that the planner obtains over the
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Figure 4.19: Density of initiative against P(intend(book-flight-window) and
P(bel(have-seat))

fixed strategy of chat is plotted. In figure 4.22 (b) the gain that the planner
obtains over the fixed strategy of offer is plotted. The squared point style
indicates where a gain is obtained. Against the chat strategy, the planner
obtains a small gain of up to 1.8, in a small region of the belief space. This
is expected since in this region, it is almost certain that a window seat is
intended, yet the user believes that there is none available. Against the offer
strategy, a larger gain of as much as 12.0 is obtained. The maximum length
of the dialogue is 15 units, corresponding with the longest path in the game
tree, and so for belief models which cross the decision surface during their
lifetime, there are some significant gains to be made.

A second configuration of the problem was explored, since in the first

configuration, the amount of initiative over the belief space is perhaps un-
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Figure 4.20: Density of initiative against P(intend(book-flight-window) and

P(bel(have-seat))
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Figure 4.21: Density of initiative against P(intend(book-flight-window) and

P(bel(have-seat))
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realistically low (see figure 4.21). The plot shows that the agent only offers
window seats when it believes it very likely that the user wants one. In the
second configuration, the reward for an agent who wants a window seat but
ends up not obtaining one has been dropped from 85 to 65 to encourage
initiative. As a result, the initiative distribution shown in figure 4.23, was
obtained, where the agent only fails to offer a window seat when it is very
sure that the user does not intend to have one.

The efficiency of the planner for this configuration is a little better than
that obtained for the first configuration (figure 4.24). Against the chat strat-
egy, a maximum gain of 4.60 was obtained, and against the offer strategy,
a maximum gain of 12.0 was obtained. This is a good fraction of the total

dialogue length of 15.
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4.7 Belief model acquisition

In this section, user model acquisition is demonstrated by showing how the
belief revision component of the system is used to adapt a stereotype model
to a sequence of dialogues between the system and a user. Consider again
the window seat example of the last section. In figure 4.25 the system must
decide whether or not to offer a window seat. This depends on its model
of the user’s intention to have a seat, and on its model of the user’s belief
about whether the system has a window seat available. It is assumed in this
example that there is one user, and that there is a sequence of dialogues. A
stereotype model is employed to capture a user, who on some occasions wants
a window seat, and on others does not. Similarly, it is assumed that the user
treats the system as varying from day to day, with availability of a window
seat randomly determined according to a certain probability. Therefore the
user too employs a stereotype, and the system must make an estimate of this
stereotype. Over the course of a sequence of dialogues, the stereotype model
comes to estimate the expected belief state. In this example, stereotypes
that are nested to all levels are used, since the agents mutually believe that

each is modelling the other using a stereotype model.

R r\accept R
»O >
L,[: [5,intend(book-flight-window)]
R mreject R
g Y v .
JIve R
c) T\ '
ask [4,bel(have-seat)]
chat chat

4,[: [5,intend(book-flight-window)]

Figure 4.25: Game tree for agent’s choice between offer and chat
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act precondition

offer have-seat
give have-seat

dontgive | not(have-seat)

ask intend (book-flight-window)

accept | intend(book-flight-window)

reject intend (book-flight-any)

Table 4.1: Preconditions used by the belief revision mechanism

The system was set to use a "decaying”’ average to compute the stereo-
type. That is, the stereotype was a 90%/10% mix of the previous and revised
value, with the revised value obtained by starting with the previous value
and performing belief revision on it using the current dialogue. This ensured
that the most recent evidence had a greater weighting. Appropriate precon-
ditions were set up for the plan rules to ensure that the system could make
all of the necessary inferences about beliefs and intentions. These rules are
given in table 4.1

The "dry-land” algorithm is particularly helpful in this example, for the
dialogue [discuss-details,chat,chat] (see figure 4.15). The final chat has no
precondition and so ordinary belief revision does nothing. However, it can be
explained by both of the user not intending a window seat and the user not
believing that one is available. The dry-land algorithm adopts the simplest
combination of these. It is also useful at the offer/chat decision. For example,
if the system were to choose chat, the system would expect the user to update
his model with an explanation that the system believes that either the user

does not want a window seat or that the user believes the system has a
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window seat and will therefore take the initiative himself. That the dry-land
algorithm is useful twice in this example indicates that it may be significantly
important in other types of dialogue, but these are yet to be investigated.
Some demonstrations are presented now to show how the stereotype
model adapts over the course of a sequence of dialogues. Demonstration
1 looks at the updating of the system’s model of the user’s model, in re-
sponse to the system’s act on the first turn. Demonstration 2 looks at the
system’s revision of its own model in response to the user’s act on the second
turn. Demonstration 3 looks at the sequence of belief states that result from

a sequence of dialogues.

4.7.1 Demonstration 1

This demonstration looks at the revision of the system’s model of the user’s
stereotype model of the system, in response to the first act in the dialogue.
First, the offer alternative was explored. Recall figure 4.17 which shows
the decision surface between offer and chat. To force the system to choose
offer, bel(have-seat) was set mutually to 0.2, whereas intend(window-seat)
was set mutually to 0.8. The belief revision mechanism revises beliefs at all
levels, and therefore every second level remains identical through the course
of the dialogues. The user’s belief revision mechanism would be expected
to update bel(have-seat) since it is a precondition to offer. Also it would
be expected that the "dry-land” algorithm would maintain the user’s beliefs
about the system by pushing the belief state towards the centre of the offer
region. It turns out that in the user’s model of the system, intend(window-
seat) increases to 0.833 in this dialogue, approaching the approximately 0.9
centre. bel(have-seat) approaches the approximately 0.4 centre by increasing

to 0.311. Then, the precondition is observed, and the corresponding belief is
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set to 1, by ordinary belief revision.

The chat alternative was also explored. To force the system to choose
chat, bel(have-seat) was set to 0.8, whereas the intend(window-seat) was
set to 0.1. It would be expected that these beliefs would be pushed to-
wards the centre of the region in the user’s model. That is what happened.

intend (window-seat) moved to 0.16, and bel(have-seat) moved to 0.66.

4.7.2 Demonstration 2

This demonstration illustrates the system’s revision of its stereotype model
of the user, in response to the user on the second move. Each of two cases
is described in the following two sections, corresponding with whether the

system chose offer on the first move or chat.

Upper branch

In the upper branch of the game tree, ”offer” is chosen by the system, and the
user can respond with "accept” or "reject”. For the dialogue [offer,accept],
it becomes mutual that bel(have-seat), and that intend(book-flight-window),
since these are preconditions. Therefore both of these should increase in the
updated decaying-average model, possibly crossing the decision surface so
that the system will not take the initiative the next time around. For [of-
fer,reject] bel(have-seat) should increase, whereas intend(window-seat) should
decrease. The dry-land algorithm is redundant in this case, since both
bel(have-seat) and intend(window-seat) are updated by precondition infer-
ence.
An example point was taken, [bel(have-seat),intend(window-seat)] = [0.5,0.9],

and the belief model changed to :

132



bel(have-seat) = 1 was mutual and intend(window-seat) = 1 was mutual
for [offer,accept]

and

bel(have-seat) = 1 was mutual for and intend(any-seat) = 1 was mutual

for [offer,reject].

Lower branch

In the lower branch of the game tree, "chat” is chosen by the system. If the
user responds with ”chat”, the state is expected to drift towards bel(have-
seat) being false and intend(window-seat) being false, since these are both
explanations for the user deciding to chat. This change would be made by
the dry-land algorithm. If the user responds with ask, the system responds
with give (since its base belief is that it does have a window seat), then
both beliefs are set to 1 by precondition inference, with the decaying average
possibly moving across the decision surface. Starting at the point [0.5,0.5],
the user chose chat, resulting in belief revision by the dry-land algorithm to:
p(intend(window-seat)) = 0.486 for the system’s belief about the user and
p(bel(have-seat)) = 0.321 for the system’s belief about the user’s belief about

the system.

4.7.3 Demonstration 3

In this demonstration, a sequence of dialogues is processed by the system
and the sequence of resulting belief states is recorded. Although acquisition
happens at all levels of the belief state, beliefs remain mutual, so just the
system’s belief about whether the user intends a window seat, and the sys-
tem’s belief about whether the user believes the system has a window seat

are recorded. The system starts in a state of [bel(have-seat),intend(window-
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dialogue | choice | bel(have-seat) | intend(window-seat)
0.500 0.900

1 offer | 0.550 0.810

2 offer | 0.595 0.729

3 chat 0.596 0.711

4 chat 0.586 0.703

5 chat 0.571 0.685

6 chat | 0.573 0.670

7 chat 0.555 0.671

8 chat 0.551 0.664

Table 4.2: Belief model states for a sequence of dialogues

seat)] = [0.5, 0.9], with the consequence that offering is dominant. The
system’s base belief was that it has a window seat. Contrary to the system’s
belief model, the stereotypical user does not want a window seat, and so as
each user drawn from the stereotype refuses the offered seat, the belief state
eventually crosses the decision surface, as the intention drops from precon-
dition inference and the system begins to decline the initiative. Notice that
the have-seat belief increases even though the user declines the initiative,
since it is a precondition to offering. Once the system stops offering, the user
continues to decline the initiative, and the system responds employing the

dry-land algorithm to revise downwards both the user’s intention to have a

window seat and the user’s belief that one is available.
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4.8 Related work on initiative and simulation
evaluation

Guinn [30] developed an initiative planning system based on Smith and
Hipp’s (Section 2.6) meta-level planner. Smith and Hipp’s planner employed
a user model containing plan rules which were applied to construct the user’s
piece of the dialogue plan. Alternative initiative settings were available in
choosing these. Guinn added a probabilistic model of success to the plan
rules, using ”factors” associated with the alternative plans available to the
agents. With different beliefs about the factors, the agents would produce
different estimates of the probability of success of different plans, and there-
fore there would be conflicts over whether to take the initiative for a plan.
The agents could use negotiation dialogues to communicate factor values so
that conflicts would be resolved. A simulation evaluation technique was used
to show the performance improvement obtained in dialogues where factors
are evaluated. This was a similar technique to the one used for the two exam-
ples in this chapter, where beliefs were assigned to agents and the resulting

dialogues measured.

4.9 Conclusion

The purpose of this chapter was to evaluate and demonstrate the planner.
In Chapter 1, objectives were set to develop a dialogue planner suitable for
use in a dialogue management system that would be easy to use, and at the
same time, demonstrate an efficiency advantage over systems that do not take
advantage of a user model. The two examples in this chapter demonstrate

ease of use. For further evidence, an example of an input file for example
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1 is given in the appendix. Therefore, dialogue problems can be specified
just as well as for a state based system or for a system that uses a phrase
structured dialogue grammar. The question of whether the system is as
efficient as other candidates has been partially answered. The two examples
showed that a significant efficiency gain can be obtained in some dialogues
by exploiting a user model. The only question that remains is whether this
system is competitive among dialogue systems that exploit a user model. For
those user modelling systems that use a logical, rather than a probabilistic
model ( [5, 37, 51, 10, 38, 54, 69, 2, 72|) , the answer is yes, since these
systems cannot distinguish the negation of the difference in utility that occurs
between alternatives across a decision surface. The other category of systems
that use an (implicit) user model is that of reinforcement learning systems.
While reinforcement learning is very useful for routine dialogues ( [64], [76],
[58]), it requires plenty of training data. In a routine situation, there would
be little point in using planned dialogue. On the other hand, a planning
system can make intelligent use of training data in novel situations. The
revision of a belief for one plan can have a positive effect on another, novel
plan, once the two plans share that belief as a precondition. In particular,
negotiations over complex domain plans may require choices of negotiation
acts that depend on a large state space of intentions and beliefs for that
domain-level plan. The application of the planner to this sort of problem
will be discussed in the next chapter. The efficiency of the planner compared
with that of a reinforcement learning system has yet to be shown. In the
future work chapter plans for experiments that compare each approach will
be given.

This chapter has fallen short in not performing at least some evaluation

in a human rather than a simulated setting. While simulation is very flexible
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and gives detail results, it seems that even a small experiment in a human
setting would produce valuable evidence about the planners expected perfor-

mance in such a setting. More discussion of such evaluation will be given in

the future work section.

137



Chapter 5

Planning of Negotiation

Dialogue

5.1 Introduction

In negotiation dialogue information is exchanged between agents that sup-
ports their decision about a domain-level plan.The term 'negotiation’ is usu-
ally taken to mean a discussion that is used to obtain an agreement, often
between self-interested parties. Here it is used to mean discussion between
fully cooperative parties as well, and the discussion encompasses communica-
tion of proposals to agree upon as well as the communication of information
that is used to better understand what the best proposal might be. The
meta-level planners described in Section 2.6 are used to plan such dialogues,
but those planners do not consider the efficiency of the negotiation acts. In-
stead, they search over the space of domain plans, generating negotiation
subdialogues whenever questionable preconditions are encountered. They
use logical belief models, and therefore consider and generate dialogue about

all potentially valid plans equally, no matter how good those plans might be.
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Using these planners, one plan whose preconditions are extremely improbable
would be just as much a candidate for discussion as one whose preconditions
are almost certain to be satisfied. As an extreme example, such planners
would consider negotiation about a plan in which a brain surgeon wears a
blindfold, considering that it is unlikely yet still possible that the operation
will be a success. There may be many such unreasonable candidates, but
few reasonable ones. Such planners would therefore fail to negotiate a good
domain-level alternative in a reasonable amount of time.

In contrast, an efficient planner for negotiation dialogues will be described
in this chapter which discounts for discussion all but the domain plans that
have a reasonable chance of success, and only passes information that will
significantly improve the quality of those plans. The planner uses a set of
negotiation acts, which use as their subject the beliefs and intentions of
the speaking agent. Each of the acts has a pragmatic definition in which
their meaning is described in terms of preconditions on the agent’s mental
state, and so can be planned using ordinary plan rules, in the same way as
the domain-level plan. These acts constitute a repertoire of acts that are
common to dialogue no matter what the subject, for example, a question-
answer pair is a very common subplan in all sorts of dialogues. While they
can be specified and planned in much the same way as domain-level acts, they
should be built in to the planner rather than given in the input file. They
should be automatically plannable too, with the agent being free to mix
negotiation subdialogues as appropriate with those that are derived from the
domain plan rules given by the user.

The negotiation planner is motivated by the sort of problem where two
or more agents must coordinate their actions in some plan. For example, a

pair of experts may wish to collaborate in routing trains in a transportation
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network [2], or a team of robots may want to coordinate themselves in
constructing a car. In these problems, there is often a "team talk” that
precedes execution of that plan, where the team members must establish
who is capable of what, which resources are available and what the state of
the environment is, how the goal will be decomposed, and how the subtasks
will be ordered.

Constructing a negotiation planner requires only minor modification to
the existing domain level planner, adding just the facility to add negotiation
acts to the game tree. The evaluation module, and the belief revision module
remain identical to those described in chapter 3, and the language used in
the input files to describe the domain level plan rules is the same as that
used previously to describe dialogue plan rules.

In Section 5.2, the principles on which the value of the negotiation acts
is based are explained using a simple example. Then, in Section 5.3, formal
pragmatic definitions are given for the negotiation acts, using STRIPS plan
rules. Section 5.4 argues that these are an appropriate set of acts. Then,
Section 5.5 presents examples of each of the negotiation acts, demonstrating
that each is a necessary member of the agent’s repertoire, and showing how
the utility of negotiation acts is sensitive to the probability values of the
belief model. The set of negotiation acts is extended in Section 5.6 to include
insincere acts as a complement to the sincere acts in settings of self-interest.
Finally, the work described in this chapter is compared with similar previous

work by Gmytrasiewicz and Durfee [25].
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5.2 Value of information

The negotiation planner is based on the idea of value of information, which
is that an agent’s expected utility can be increased by gaining information
of the other agent’s beliefs. This idea comes from decision theory [44]. For
example, given a game tree with alternatives a and b at a choice node, and a
belief with probability value p, the utility of each of a and b would be some
function of p, since the belief may be used to evaluate a chance node in the
subtrees of a and b. If (and only if) there is a decision surface between a and
b in the belief space defined by p, the deciding agent would be interested in
the value p, since it affects his choice between a and b. There may be many
such beliefs to be resolved, perhaps leading to a long negotiation dialogue.
The negotiation ends when the cost of the remaining negotiation dialogue
outweighs the benefit that can be obtained from the information it provides.
At this point the agents should begin executing the domain-level plan. It is
possible for negotiation to interrupt the domain-level plan once again. If an
agent takes an unlikely alternative in the domain-level plan, chance nodes
that were previously too remote, due to their weighting, to outweigh the cost

of the negotiation dialogue may become more interesting.

5.2.1 Value of information example

As a concrete example of value of information, consider a problem of design-
ing a kitchen assistant robot who must negotiate efficiently with a user about
the various alternatives in jointly preparing a meal. Figure 5.1 illustrates the
plan library for this problem, which is duplicated to populate each level of
the belief model. The problem is one where agent 1 must decide whether to

use some eggs in making an omelette. To make the decision it must find out
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whether agent 2 has fruit, since if agent 1 uses up the eggs, and agent 2 has

fruit, his decision would cause agent 2’s make-pavlova plan to fail.

( make-dinner )

have-fruit

make-fish )
( make-omelette )——-—I not(have-eggs)

Figure 5.1: Plan library for a value of information example

have-eggs

The utility function for the problem is defined by:

utility(make-omelette,200) .
utility(make-fish,150).

utility(make-pavlova,100).

The game tree generated for this problem is illustrated in figure 5.2.

This game tree matches the general form of a value of information prob-
lem, in that there are two alternatives, whose utility is a function of some
belief, and there is a decision surface in the belief space corresponding to
that belief. In particular, the utility for the upper branch of the game tree

is given by:
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make-omelette

>

make-pavlova

O >

make-fish

,I: [have-fruit]

>

Figure 5.2: Game tree for the value of information example

200 (5.1)

For the lower branch, the utility function is

150 4 p.100 + (1 — p).0 (5.2)

At the true extreme of the belief, the agent chooses the lower branch.
At the false extreme of the belief, the agent chooses the upper branch. A
decision surface occurs where the two functions have an equal value, at 0.5.
If the information about the belief is given to the agent, the expected utility

value is a weighted sum of these two extremes, according to the prior value

of the belief. This is:
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p.200 + (1 — p).250 (5.3)

If functions 5.1, 5.2 and 5.3 are plotted together, the result is as shown in
figure 5.3. The area enclosed in the triangle indicates the utility gained from
obtaining information. The gain is a maximum in the middle of the range,

where the belief is least certain.

260 T T

T T
without information
with information ————

250
240 i

230 b .

utility

220 .

200 = .

190 1 1 1 1

level 2

Figure 5.3: Comparison of expected utilities before and after information is

obtained

5.3 Negotiation acts and their pragmatic def-
inition

There are a number of negotiation acts that can reveal an agent’s belief state.

Selection of an appropriate repertoire of acts was motivated by a number of
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desirable properties:

e Adequacy The repertoire should be strong enough that it can, if nec-
essary, be used to communicate all of each agent’s beliefs, leading to
a perfectly correct belief model, and therefore the most efficient plan
possible given the agents’ capabilities and beliefs about the environ-
ment. If this were not possible, there would be something lacking in

the expressive power of the repertoire.

e Efficiency Adequacy does not guarantee efficiency, but the acts should

communicate as much as possible with the least dialogue cost.

e Necessity The repertoire should not contain unnecessary members.
This property might be proved by finding example problems in which
one member dominates all of the others. The purpose of this property is
to guarantee that the repertoire of acts is divided into basic, orthogonal
acts, with no redundancy of expressive ability, therefore obtaining the

simplest possible set of acts.

e Realism The repertoire should correspond with the repertoire of nego-
tiation acts seen in corpora of natural language collaborative planning
dialogues, so that the expectation of the user’s contribution to the
dialogue is correct. This allows the planner to generate correct expec-
tations about subsequent turns when the act for the current turn is
being chosen. Being able to predict the user’s act also implies being
able to understand his utterance. The acts chosen by the planner must
also be realistic so that the user can generate similar expectations and

understand the system.

e Simplicity The negotiation acts should refer to simple expressions of
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the elements of the agent’s mental state. Since the agent’s decision rests
on the evaluation of game trees using a belief set, the only available
candidates are descriptions of beliefs and descriptions of the intentions
that come from the evaluation of the game tree. Acts other than these
could only express some combination of the elements of the mental
state, offering no efficiency gain over the elemental acts. The acts
should also have a simple pragmatic form, being definable by STRIPS
rules, and therefore requiring no more than the basic forms of belief

revision that are already available to the planner.

The selected set of negotiation acts is now specified using STRIPS plan
rules. By using STRIPS rules the repertoire can be formally specified and
programmed within the plan-rule language of the domain-level planner. The
repertoire was chosen by enumerating the different STRIPS rules that could
be used for an act. Only two were found, one whose precondition refers to
a belief of the agent, and one that refers to its intention. These respectively
correspond with informing and proposing types of act. The control structures
were also investigated, leading to different ways of assembling subdialogues
with these acts. For example, in a question and answer pair, the questioner
may intend that the hearer unconditionally answers his question, in which
case one control structure is used, or he may intend that the hearer choose be-
tween answering his question and something else. The control structures are
expressed using different rules of decomposition for the subdialogues. Each
of the acts that emerged from this investigation was checked for adherence

to the properties listed above.

e pass allows the agent to pass the turn without giving any information.

It is defined by the following plan rule:
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name: pass

parameter: {3
precondition: {
effects: {3
decomposition: {

Since pass has no preconditions and effects, it has no direct effect,
through the belief revision process (Section 3.4.7), on the belief state
of the speaker and hearer. However, the dry-land component of the
belief revision process may change the belief state, in explaining why

the agent chose to say nothing.

tell-true is used to simply give information that a proposition is valued

as true. It is defined by the following plan rule:

name: tell-true
parameter: P
precondition: bel(P)
effects: {}
decomposition: {

Since tell-true has a precondition that the speaker believes the propo-
sition, the belief revision process will update the belief at level three,

five, and so on.

tell-false is the complement to tell-true. It is defined by:

name: tell-false

parameter: P
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precondition: bel(not(P))
effects: {3

decomposition: {

tell can be decomposed to both of tell-true and tell-false, allowing
an agent to plan a tell, without knowing at plan-time the belief state

of the speaker of the tell.

name: tell

parameter: P

precondition: {3

effects: {3

decomposition: { [tell-true(P)], [tell-false(P)] }

propose is used by an agent to tell the intention that it has formed as
a result of evaluating the game tree. That intention can be about just
the next act or it can be tree representing the best play for the game

tree. It is defined by:

name: propose
parameter: P
precondition: {intend(P)}
effects: {3}
decomposition: {

Understanding a propose requires the hearer to apply the dry-land
algorithm. The hearer uses the algorithm to search for the simplest
belief state in which the speaker would choose the proposed alternative

in the domain-level plan. This state must also be one in which the
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speaker would choose to propose. There is a simpler pragmatic sense

for propose, and that is for the hearer to merely prune the game tree at

the choice node of the proposed alternative. While it is partly effective,

it does not allow the hearer to take advantage by revising beliefs using

the dry-land algorithm.

request is like propose, in that it declares the agent’s preference, but

it obliges the hearer to adopt the requested intention. It is realised by

an act request-pair, whose decomposition has two steps. In the first

step, agent 1 makes the request. In the second step, agent 2 executes

the requested act.

name:
parameter:
precondition:

effects:

decomposition:

name:
parameter:
precondition:

effects:

decomposition:

request-pair(P)

P

{intend(P)}

{3

{ [request(P), P 1%}

request (P)
P

{3

{3

{3

The hearer of a request revises his beliefs in a way that is similar to

that for a propose. He searches for a state in which the speaker would

both choose the requested alternative in the domain-level plan, and in

which the speaker would choose a request in the negotiation plan.
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e ask

ask is defined as either a propose to tell, or a request to tell:

name: ask-forced
parameter: P
precondition:  {}
effects: {}

decomposition: { [request(tell(P))] }

name: ask-autonomous
parameter: P
precondition:  {}
effects: {3

decomposition: { [propose(tell(P))] }

Finally, some plan rules are required that construct a sequence of negoti-

ation acts, and append the domain-level plan. These are:

name:
parameter:
precondition:

effects:

decomposition:

name:
parameter:
precondition:

effects:

negotiation-plan
{}
{}
{}
{ [domain-plan],

[negotiation-act, negotiation-plan] 7}

negotiation-act
{}
{}
{}
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decomposition: { [request],
[propose] ,
[tell],

[pass] }

Lacking any empirical data, it was impossible to find suitable cost values
for each of the acts. Instead, estimates were used, with each act valued at
ten units, except pass, which due to its empty propositional content, was
given a value of four. It was assumed, as it was in chapter 4 (see Sections

4.5.1 and 2.13), that these costs are additive over the dialogue.

utility(pass,-4).
utility(tell-true(_),-10).
utility(tell-false(_),-10).
utility(propose(_),-10).

utility(request(_),-10).

Since these values are estimated, they may not reflect the real perfor-
mance of the planner very well. However, it was found that the results
obtained in the examples of this chapter do not vary much in character given

small variations to the estimates.

5.4 Realism

One of the desirable properties for the set of negotiation acts is realism.
One way to demonstrate realism is to compare the repertoire with that of
a standard agent communication language, such as FIPA [22]. FIPA has a

communicative act library, whose repertoire of negotiation acts is similar to
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the acts given here. Each is given a pragmatic specification using precondi-
tions and effects. The tell act has the effect that the hearer believes the told
proposition, and the effect of a propose is only that the hearer believes that
the speaker intends the proposed act. These are quite similar to the schemas
developed by Allen and Perrault [51] [1] and those of Appelt [5], which were
discussed in Section 2.4.

A second way to demonstrate realism is to look to a corpus of human
negotiation dialogue to see whether the acts that appear in the corpus are
well represented. The TRAINS corpus [33] is a good candidate for this, where
a human planner converses with a planning assistant in a meta-level plan to
decide how to route some trains in a transportation network. The problem
differs from that considered here in that only the user acts in the domain-level
plan. However, the expert may still have beliefs and preferences with respect
to that plan. Without making too much effort to develop annotation rules
or to process large amounts of the corpus, a small sample of ten dialogues
was taken so that an rough idea of the distribution of dialogue acts could be
established.

The TRAINS dialogues are populated mainly with ask as the naive user
consults the system, who is an expert about the domain state. Since the
user is the decision-maker, the initiative tends to stay with him, and so it is
rare that the system takes initiative in providing unasked-for tells. propose
makes up about half of his dialogue. pass occurs only occasionally. The
system’s acts were mainly tells, as responses to asks. tell was occasionally
used as a response to a propose, but never used otherwise. ask was rarely
used by the system, since the system is the domain expert. In the cases that
it was used, it was for the purpose of clarifying the problem description. In

all, there were no instances in these ten dialogues of acts that could not be
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readily classified using the repertoire developed here, apart from greetings.

5.5 Demonstrations

In the following three sections, some example problems are used to demon-
strate the planner, illustrating each of the negotiation acts. It is clear already
that most of the desirable properties hold for the repertoire. They are ”ade-
quate” since the tell acts alone can communicate the total belief state of the
agents, they are "efficient” and ”simple” since they correspond directly with
expressions of intention and belief. Section 5.4 has shown that they corre-
spond with the acts users would be familiar with. The "necessity” property
will become evident in the following sections as the acts are compared with
one another in different demonstration problems to show that each domi-
nates in some problem. These demonstration problems will also be used in
the same way as the examples of chapter 4, to show how important it is that
a probabilistic belief model is used in deciding negotiation strategies, rather
than a logical one, and to show the utility gain that is obtained by using

such a model.

5.5.1 Demonstration 1: Telling and proposing

In this demonstration, the desirable property of the necessity of the propose
act is shown. When an agent proposes an alternative that is unexpected by
the other agent, a lot of information is communicated. The cost of convincing
the hearer that it prefers a proposed alternative using a combination of tell
acts could be greater than that of the propose. The approximate relation
between the likelihood of the proposed alternative and the equivalent number

of tells is given by information theory [66]. The cost in terms of number of
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tells is related to the information content of the propose, which is calculated

from its probability by:

H = log(1/p) (5.4)

For example, a propose that requires four beliefs to be held as precon-
ditions, each of which has a probability of 0.5 in the hearer’s mind, would
correspond with a probability of one in two raised to the fourth power, or
one in sixteen. This represents four bits of information, or four tell acts. On
the other hand, an alternative whose probability of being chosen depends on
the probability of just one belief, would at worst be as good as using a tell
to communicate that belief.

As an example, agent 1 must choose whether to make fish or to make
an omelette. If agent 2 has both sugar and fruit, it will save the eggs that
would have been used for the omelette, and instead make fish allowing agent
2 to follow with a pavlova. This is quite an unlikely alternative though since
it must have both sugar and fruit, whose belief values are both set at 0.5.
The plan library for this problem is given in figure 5.4 and the corresponding
game tree is given in figure 5.5.

The utility values for the problem were set at 50 for make-fish, 100 for
make-omelette, and 100 for make-pavlova.

Negotiation acts were added to the agent’s repertoire one by one to
demonstrate the utility gain offered by each. To start, there were no ne-
gotiation acts, and so the game tree just consisted of the domain-level tree,
with a value of 100 for make-omelette. Next, the pass and tell acts were
added. This produced the negotiation game tree in the top part of figure 5.6.
This tree shows the best play only for the agent, so that each choice node

is pruned down to only one alternative. Notice that in response to a pass,
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Figure 5.4: Plan library for propose example
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make-nothing
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Figure 5.5: Game tree for the domain-level plan

agent 2 uses a pair of tells in the true,true branch of the game tree. This

subdialogue is efficient, and since it happens in one quarter of instances, the
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Figure 5.6: Game tree for the negotiation plan without proposing (top), and

with proposing (bottom)

value for the tree is 102.5, which is a marginal gain over the 100 obtained
from the plain domain-level plan. Next, the ask acts were added, but these
were dominated by the pass and tell combination, and so the same result
of 102.5 was obtained. Next, propose was added. This produced the tree
in the bottom part of figure 5.6, with propose dominating instead of tell.
Since the negotiation ends with the proposal, there is a smaller cost than in
the top game tree in figure 5.6. The overall utility of the dialogue turns out
to be 106, compared with 102.5 obtained without using propose. It can be
concluded then that propose is a necessary member of the repertoire, since

it is dominant in this example.
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5.5.2 Demonstration 2: Holding the floor

In this demonstration, it is shown that the planner can effectively "hold the
floor” in a negotiation. Holding the floor is when an agent decides whether to
make a contribution to the dialogue, or whether to pass the turn to another
agent, expecting that his contribution is more important. Such a decision
cannot be made without considering the value of information. It is known
that speakers use various cues to determine the passing of a turn [61], and
that humans are very good at seamlessly coordinating their turns. Value
of information might turn out to be useful in dialogue systems for deciding
when to take the floor, and equally well for predicting when a conversational
partner might want to take the floor, thus enabling coordination. Holding
the floor is quite similar to the taking of initiative that was illustrated in
both of the examples in chapter 4, where an agent must decide whether to
contribute to the task, or to decline and allow the other agent to decide
whether to contribute.

For the demonstration, an example problem was constructed in which
agent 1 needs to know whether agent 2 has fruit, so that it can safely use
up the eggs without spoiling agent 2’s dessert plans. However, if agent 1
doesn’t have any eggs, the question is not relevant. The expectation is that
when agent 2 does not believe that agent 1 has eggs, then agent 1 needs to
be forceful in asking, since agent 2, thinking the information is worthless,
will not volunteer it without being asked. On the other hand, if agent 2 does
believe that agent 1 has eggs, it will give the information without being asked.
Therefore, agent 1 would not need to use an ask - it can just pass and wait
for a tell, with less cost. Therefore agent 1 must make a decision between
contributing to the negotiation with an ask, and passing to agent 2. The

plan library for the problem is given in figure 5.7, while the corresponding
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game tree is given in figure 5.8.

The utility function for the problem was defined as:

utility(make-omelette,150).
utility(make-fish,100).
utility(make-cake,100) .

utility(make-fruit-salad,100).

make-dinner

make-main-course make-dessert

have-eggs make-cake
have-fruit make-fruit-salad
have-eggs make-omelette not(have-eggs)

Figure 5.7: Plan library for "holding the floor” example

Results

An analysis was done for the problem where agent 2 decides whether to
tell agent 1. The best utility gain that can be obtained by agent 2 is 50,
obtained where agent 1 initially chooses make-omelette but is convinced to
choose make-fish by agent 2. This gain is then multiplied by the value of the
chance node for have-eggs, so that it ranges from 0 up to 50. The cost of
telling is 10, so it would be expected that a decision surface between telling

and ending the negotiation would occur where:
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make-omelette

make-fish

E [have-eggs]

make-fish
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make-cake

make-fruit-salad

[have-fruit]

make-cake

—,E [have-eggs]

make-fruit-salad

[have-fruit]

make-cake

make-fruit-salad

[have-fruit]

make-cake

[have-eggs]

)
S

[1

make-fruit-salad

[have-fruit]

Figure 5.8: Game tree for the domain-level plan

50p = 10

=p=0.2

(5.5)

To check this prediction, the efficiency of asking and passing to allow a

tell were plotted for values of p = 0.8, and p = 0.1. At 0.1, agent 2 is expected

not to use the tell act, and so agent 1 must seize the floor by asking. On

the other hand, at 0.8, agent 2 is expected to use a tell act, and so agent 1

should decline the floor. These results are plotted in figure 5.10.

This demonstration provides a good illustration of the dry-land algorithm

(see Section 3.4.7). The speaker uses the "propose” form of the ask act (for

a definition, see Section 5.3).

In response to the ask act, agent 2 must

revise his beliefs so that the subject of the ask, tell, is efficient from agent

1’s perspective. Therefore it searches the belief space from level 3 upwards,

revising bel(have-eggs) at level 3 from 0.1 up to 0.94, and revising bel(have-
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Figure 5.9: Game tree for the negotiation plan

fruit) a small amount from 0.6 to 0.56 at level 4. Since bel(have-eggs) is now

so high at level 3, tell now becomes efficient for agent 2 as well.

Verification of results

In this section, the plots obtained in the last section are explained. First,
the pass and tell alternative (see figure 5.9) is examined. Pass is followed by
a chance node, with each branch of the chance node giving agent 2 a choice
between ending the dialogue and telling. There is a third alternative, pass,
but it is always dominated by end. In the true branch, agent 2 is expected

to use tell-true only when the value for have-fruit is likely to be false at level
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Figure 5.10: Utility of (left) ask, and (right) pass, at (top) p = 0.1, and
(bottom) p = 0.8

4. Similarly, tell-false is used when this value is likely to be true.

Figure 5.11 plots the utility of pass and end, with respect to the have-fruit
belief at levels 2 and 4, while figure 5.12 plots the difference in utility between
them. A quadrant-by-quadrant analysis of this difference plot is now used to

explain the results.

e level 2 low, level 4 low This is where agent 2 most likely prefers
omelette, because the level 2 belief is low and agent 2 believes that
agent 1 chooses omelette, because the level 4 belief is low. Since both
beliefs are low, there is generally agreement between the agents, but as
the value of the second level belief increases, there is a greater chance

that agent 2 actually prefers fish, therefore it tells agent 1 and obtains a
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Figure 5.12: Difference image between pass and end
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small gain in utility in figure 5.11 (b) over the corresponding quadrant
in figure a. If this value increases over the 0.5 mark, there is a sudden
change where agent 1 begins to choose fish without being told, and so

the tell act is wasted.

e level 2 high level 4 high This is where agent 2 most likely prefers
fish, and agent 2 believes that agent 1 chooses fish. Since both beliefs
are high, there is generally agreement between the agents, but as the
value of the second level belief decreases, there is a greater chance that
agent 2 prefers omelette, therefore it tells agent 1 and obtains a gain in
utility. Once the 0.5 line is crossed, agent 1 chooses omelette without

being told and so the tell is wasted.

e level 2 low level 4 high This is where agent 2 most likely prefers
omelette, but agent 2 believes that agent 1 chooses fish. agent 2 tells
him so that it will change to omelette. However, since it generally
chooses omelette whether it is told or not, there is a slight loss in this
quadrant. The loss eases as the level 2 belief increases since agent 2

tends towards choosing fish.

e level 2 high level 4 low

This is where agent 2 most likely prefers fish, and agent 2 believes that
agent 1 chooses omelette. agent 2 tells him so that it will change to
fish. Since it would have chosen fish anyway, there is a slight loss in this

quadrant. This eases off slightly as the second level belief decreases.

An easier but incomplete way of verifying these results is to analyse the
corner points. At (0,0) agent 2 should reason that since agent 1 already
has the same beliefs about have-fruit, the dialogue should end, and make-

omelette be chosen at 200. By the same token, at (1,1) the dialogue ends
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with make-fish and make-fruit-salad chosen at 250. At (0,1), agent 2 needs to
always correct agent 1’s mistaken belief, resulting in make-omelette chosen
at 200, with 10 taken away for the cost of always telling. Otherwise, make-
fish would have been chosen, giving 150 and no fruit salad. Similarly at (1,0
), the belief is corrected, resulting in make-fish and make-fruit-salad at 250
with 10 taken away, instead of a mistaken choice of make-omelette at 200.

Apart from the [pass, tell] strategy, agent 1 can use an [ask, tell| strategy (
see figure 5.9, and 5.10 ). The difference between the two strategies is the cost
incurred in using an ask instead of a pass, and a small belief revision change
at level 4 to the have-fruit belief that is caused by the dry-land algorithm.
This belief revision change makes do difference to the second agent’s decision
to tell. Therefore, the ask plot has a similar form to the pass plot.

This demonstration has shown how using initiative in holding the floor
can depend on a probabilistic model of belief. Figure 5.10 shows how the
decision depends on the probability value in the belief model. It is interesting
as well to note from these figures the sensitivity of the decision of whether to
continue with an ask or pass or whether to end the negotiation. Another note
of interest is the deep nesting required to decide whether an ask is efficient.
Notice in figure 5.10 that for the agent to decide between asking and ending

the negotiation, the belief model must be examined to a depth of level 4.

5.5.3 Demonstration 3: Request and propose

Request and propose are quite similar acts, and it is not immediately clear
that each is a necessary member of the repertoire. It seems odd also that
request should be used at all with autonomous agents since it violates their
free choice. However, it is still an expressive and useful act, and so if the

agents can agree to always submit to requests, then it is of value. The
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The demonstration looks at asking, which is a composition of the request
act with the tell act, or the propose act with the tell act. The fruit problem
of Section 5.2.1 is used for the demonstration. A plot of the utility of each
is given in figure 5.13. On the left, the request act is plotted. Since agent 2
unconditionally answers, the plot is derived from the basic value of informa-
tion plot given in figure 5.3. The plot for propose(tell) is of the same form
as that given in Section 5.5.2. Notice that neither request nor propose en-
tirely covers the other over the belief space, and so each is dominant in some
region of the belief space. Figure 5.14 plots the utility gain of the dominant
strategy over ending the negotiation. Therefore each is a necessary member
of the repertoire. Once again, it is apparent here that negotiation decisions

are sensitive to the probability values of the probabilistic belief model.

5.6 Acts for non-cooperative dialogue

It was shown in Section 3.3.2 that in a cooperative setting, a speaker will
rarely violate the mental state preconditions of an act, since it would lead the
hearer to a state of false belief, and an irrelevant choice. In a non-cooperative
dialogue, agents will certainly want to use acts like propose and tell insin-
cerely. To allow this, some more rules are now added, to complement those
of Section 5.3. These differ from the sincere forms in that they have no pre-
conditions. However, in utterance planning, these acts would be decomposed
to the same surface form, and so in plan recognition, a hearer would produce

each act as an alternative hypothesis. The schemas are now:

name: tell-true-sincere
parameter: P
precondition: bel(P)
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effects:

decomposition:

name:
parameter:
precondition:

effects:

decomposition:

name:
parameter:
precondition:

effects:

decomposition:

name:
parameter:
precondition:

effects:

decomposition:

name:
parameter:
precondition:

effects:

decomposition:

name:

parameter:

{}

{surface-tell-true(P)}

tell-false-sincere
P

bel(not(P))

{3
{surface-tell-false(P)}

tell-true-insincere
P

{3

{3

{surface-tell-true(P)}

tell-false-insincere
P

{}

{}
{surface-tell-false(P)}

tell-sincere

P

{}

{}

{ [tell-true(P)],
[tell-false(P)] }

tell-insincere

P
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precondition:

effects:

decomposition:

name:
parameter:
precondition:

effects:

decomposition:

name:
parameter:
precondition:

effects:

decomposition:

name:
parameter:
precondition:

effects:

decomposition:

name:
parameter:
precondition:

effects:

decomposition:

{
{
{ [tell-true-insincere(P)],

[tell-false-insincere(P)] }

tell

P

{3

{}

{ [tell-sincere(P)],

[tell-insincere(P)] }

request-pair-sincere(P)
P

{intend(P)}

{3

{ [request(P), P 1}

request-pair-insincere(P)
P

{}

{3

{ [request(P), P 1%}

request-pair (P)

P

{}

{}

{ [request-pair-sincere(P)],

[request-pair-insincere(P)] }
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name:
parameter:
precondition:

effects:

decomposition:

name:
parameter:
precondition:

effects:

decomposition:

name:
parameter:
precondition:

effects:

decomposition:

name:
parameter:
precondition:

effects:

decomposition:

name:
parameter:
precondition:

effects:

decomposition:

request (P)
P
{}
{}
{3

propose-sincere

P

{intend(P)}

{3
{surface-propose(P)}

propose-insincere
P
{3

{3
{surface-propose(P)}

propose (P)

P

{3

{}

{ [propose-sincere(P)],

[propose-insincere(P)] }

ask-forced-sincere
P

{3

{}

{ [request-pair-sincere(tell(P))] }
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name: ask-forced-insincere

parameter: P

precondition: {

effects: {3

decomposition: { [request-pair-insincere(tell(P))] }

name: ask-forced(P)

parameter: P

precondition: {

effects: {3

decomposition: { [ask-forced-sincere(P)],
[ask-forced-insincere(P)] 7

name: ask-autonomous-sincere

parameter: P

precondition: {

effects: {}

decomposition: { [propose-sincere(tell(P))] %

name: ask-autonomous-insincere

parameter: P

precondition: {

effects: {}

decomposition: { [propose-insincere(tell(P))] }

name: ask-autonomous (P)

parameter: P

precondition: {

effects: {}
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decomposition: { [ask-autonomous-sincere(P)],

[ask-autonomous-insincere(P)] }

5.7 Design and implementation of the nego-
tiation planner

Two paths could have been taken in the design and implementation of the
negotiation planner. One was to maximise reuse and code the negotiation
acts as STRIPS rules within the input to the domain-level planner. The
other path was to maximise efficiency and hard-code the planner. The first
approach seemed quite appealing, especially as pass, tell, request and propose
have all been defined using STRIPS operators. At first glance, it would seem
that merely providing these plan rules would be enough to equip the domain
level planner described in chapter 3 for planning negotiation dialogues. How-
ever, the parameters of the STRIPS operators need to be instantiated from
the belief set and from the game tree, and so something more than plain plan
rules is required. As well as this, direct coding of the negotiation planner
rather than use of interpreted rules would result in faster construction of the
game tree since the planning and plan recognition processes are bypassed.
This path was taken for the current implementation.

The negotiation planner is quite simple, since it does little more than
prepend a game tree to the domain level plan. There is a set of act generators,

each of which supplies a set of alternatives at each choice node. They are:

e pass this returns a pass act

e ask this returns ask acts for all available indefinite beliefs in the speak-

ers belief set
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o tell-true this returns tell acts for all of the speaker’s positive beliefs
that are indefinite to the hearer. The speaker’s belief model is consulted

to check whether they are indefinite

e tell-false this returns tell acts for all of the speaker’s negative beliefs
that are indefinite to the hearer. The speaker’s belief model is consulted

to check whether they are indefinite.

e propose this returns all of the best strategies from all of the choice
nodes in the game tree. A call is made to the domain-level planner to
obtain the game tree. To identify the choice node whose best strategy
is being proposed, the content of the propose may need to identify the
path that leads to the choice node. For example one rendering of a
propose might be ”If you decide to go shopping, then I will mind the
children”. To keep things simple for the moment, the current imple-
mentation only allows proposals to refer to the choice made at the root

of the domain-level game tree.

The game tree is constructed recursively. There is a function that calls
each of the generators. Each generator returns a set of edges correspond-
ing with acts, and the function gathers these to form a choice node. Each
generator recursively calls the function to obtain the remainder of the game
tree. At each choice node, a special act is used to end the negotiation and
begin the domain-level plan. This represents the possibility that either agent
could choose to end the negotiation at any time and begin execution of the
domain-level plan.

The belief revision module is called as the game tree is constructed. This
prevents the planner from doing things like asking the same question many

times.
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One important issue with the negotiation planner, more so than with the
problems given in chapter 4 is the branching factor of the game tree. The
tell generator produces as many alternatives as there are beliefs in the belief
set, and the propose generator produces as many alternatives as there are
choice nodes in the domain-level game tree. For even small problems, dozens
of alternatives could be produced. The recombination planner would not be
of much use here since, for example, a tell act on a proposition can occur
as an alternative at each step of the negotiation (see the discussion of the
conditions for recombination to be of use, Section 3.4.9). A form of heuristic
search, (Section 3.4.9) would be much more useful. For the heuristic, the
utility of the domain-level plan can be used by calling the evaluation function
of the domain-level planner, in the context of the revised belief model, and
subtracting the cost of the negotiation acts in the path. A beam search would
be a good way to perform the heuristic search since the complexity of the
search would then be guaranteed to be linear with the plan depth.

The negotiation planner provides much the same game tree that the use
of the STRIPS rules would have, but without the flexibility of being able
to add new rules. In particular, generators for non-cooperative dialogues
have not so far been specified. The request act is also unavailable, but both
pragmatic forms of ask are available.

A description of the implementation of the negotiation planner is given

in the appendix.

5.8 Related work

Gmytrasiewicz and Durfee [25] have applied their Recursive Modelling Method

to the computation of value of information of negotiation acts (see Section
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2.10). The RMM uses a tree of game matrices, with a belief value at each
node of the tree. Value of information computations are used to find the
difference in expected utility between the total tree, which the agent must
use if it does not have the benefit of information, and the weighted sum of
utility over the pair of child subtrees that are obtained when the informed
belief is placed at the root of the RMM tree. The communicative acts are as
follows. Modelling acts are used to communicate beliefs, and so correspond
with the tell act, with an equivalent pragmatic definition. Intentional acts
are used to communicate preferences and so correspond with the propose
act. Their pragmatic definition is that the hearer prunes all but the preferred
alternative from the matrix, which is a less effective but simpler approach
to the dry-land algorithm described here. Instead, the dry-land algorithm
seeks an explanation for the preferred alternative. Once an explanation is
found, the choice node is effectively pruned, but as well as that, the hearer
has gained some information about the beliefs of the proposer. Question
acts are used to declare an agent’s ignorance of alternatives, allowing an
autonomous response by the hearer using a modelling act. Again this is
a simpler approach to the dry-land interpretation of questions that is used
here. Requests are not included as communicative acts, even though they
have been shown here to be necessary. Additional acts that have no corre-
lates here are imperative acts, which are used to declare knowledge of which
of a number of uncertain alternatives is the true one, and acknowledgement
acts, which are used because messages are sometimes not heard over noisy

communication channels.
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5.9 Conclusion

This chapter has investigated the planning of negotiation dialogues, which are
meta-level dialogues in which agents exchange information about their beliefs
before choosing a domain-level plan. It was argued that such negotiation
must take the probability of belief states into account, since there are may
be many candidate plans for negotiation that are possible, but few that have
a reasonable chance of being chosen, and therefore few that are worth the
effort of negotiation. On the other hand, meta-level planning using a logical
belief model considers all plan candidates equally, and may fail to be useful
because of this. A set of negotiation acts was chosen with a number of
desirable properties in mind - that they correspond with the acts seen in
human dialogue, that they are simple, efficient, and fully expressive without
any redundancy of expression. The chosen repertoire of acts - "pass”, "tell”,
"propose” and "request” was demonstrated to have these properties. It was
possible to formally specify these acts by writing STRIPS rules for them, but
in implementing the negotiation planner, a recursive function was written to
generate a negotiation game tree rather than directly using the STRIPS
rules. This game tree is then evaluated using the evaluation module of the
domain-level planner.

The planner has been shown to be able to decide whether a negotiation
act is efficient, but so far the examples given have been small. There may be
some issues of coherence of long negotiations where the negotiators should
move the focus point [28] in a regular manner over the domain-level plan. For
long negotiations, the game trees grow quickly with the number of alternative
negotiation acts and with the length of the negotiation. It has been suggested
that a heuristic search be used to cope with the rapid expansion of the game

tree, although no results about the efficacy of this approach are available yet.
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An example of a larger problem might be one in which a kitchen assistant
robot must schedule a large number of meals, in cooperation with a human
chef. Such a problem would have a suitably large belief set that an extended
negotiation would occur. There might be many differing beliefs about the set
of tasks to be accomplished, availability of ingredients, and availability and
state of the cooking implements. This would be especially interesting in an
environment that is not mutually and fully observable, so that information
becomes available more through dialogue than through observation of actions

taking place in the environment.
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Chapter 6

Future Work

6.1 Introduction

In this chapter, some open questions arising from the work presented in this
thesis are discussed. These are questions that are worth exploring in the
future, but are not thus far adequately addressed. Instead, sketches will
be given of ways in which they may be addressed will be provided that may
form the basis of future work. Two directions of importance are related to the
evaluation of the planner. A comparison should be made with reinforcement
learning techniques in order that measurements are made of the efficiency
gain of the planner over a reinforcement learning system, given the same
amount of training material. The planner must also be shown to efficient in
a human setting, where bounded rationality threatens the expectations that
the planner has about the outcome of the dialogue, in assuming an ideal
counterpart.

Section 6.2 describes experiments in comparing the planner with a planner
based on reinforcement learning. It also discusses the possible limitations of

the planner with respect to dialogues with human beings, the shortcomings of
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the simulation approach to evaluation, and how the planner might be further
developed once experimentation with human subjects is used. Section 6.3
discusses ways in which the planner’s design can be developed to encompass
a more general planning model, or to improve its efficiency. Section 6.4 looks
at some example dialogues problems that were not covered in the thesis,
but which could be tackled by the planner. Section 6.5 looks at issues in
negotiation dialogues. Section 6.6 shows how to integrate the planner with

a statistical speech recognition system.

6.2 Evaluation

In this section, a comparison is made between planned dialogue and rein-
forcement learning, in Section 6.2.1. Subsequently, evaluation in a human

setting, rather than in simulation, is discussed in Section 6.2.2.

6.2.1 Comparing reinforcement learning with planning

In Section 2.9.1, reinforcement learning was discussed as an alternative to
planning of dialogues. Both approaches choose a dialogue strategy by train-
ing on dialogue data, and as a consequence it is important to compare them.
It might be argued that reinforcement learning eliminates much of the com-
plexity involved in using plan rules, by defining the dialogue form using states
and state transitions rather than a mental state and plan rules. Learning a
policy is then straightforward, and seemingly is the best that can be done
with the available dialogue evidence. However, it has been shown in Chap-
ter 4 that example dialogue problems can be specified quite easily with the
planner. To compete with reinforcement learning, it is only required that

the planner can produce better dialogues, given the same amount of training

178



material.

Reinforcement learning ignores much of the information that should be
shared between states. To take an example, consider the flight booking
problem given in Chapter 4, and the game tree for the problem given in
figure 4.15. Notice that the precondition intend(book-flight-window) appears
at many different choice nodes in the game tree. This means that in many
different states, the agent would have the opportunity to gather evidence
for that precondition. On the other hand an MDP system would not allow
such sharing of information between states. It would only train on dialogues
whose path includes that state. Effectively, the planner is taking the training
data from three different states where the MDP system is only using one. It
is not hard to think of other examples. For instance two robots assembling
a car would quickly learn the applicable and inapplicable plans of each other
by inferring preconditions. For example, if robot 1 sees robot 2 use tool a for
task x, and having tool a is a precondition to task y, robot 1 has already got
some evidence about the applicability of task y, without having experienced
an instance of task y. Reinforcement learning on the other hand would only
learn about task y from direct evidence of the execution of task y. For
problems like this in which agents must try plans they have never seen tried
before, planning rather than reinforcement learning is appropriate.

The question of which approach is the better one will often depend on
the amount of training data available. If training data is inexpensive, or if
there is a small number of states, an MDP may be the better choice due to
its simplicity. On the other hand, if training data is expensive, the planner
may well be the better candidate. Often, training material is obtained by
running the system with real users, and so the training expense does come

into play.
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It is proposed that an experiment be carried out to compare the two
approaches, using a suitable practical example, perhaps the flight booking
problem seen in example 1 of Chapter 4. This could be carried out as a
simulation experiment, using randomly generated belief states input to the
planner to produce artificial dialogues. These dialogues would provide train-
ing material for a planner based on reinforcement learning and the ordinary
planner. Each would be evaluated in a simulated dialogue against the or-
dinary planner. The experiment might show that the performance of the
reinforcement learning approach is worse than that of the planner. Better
still than this, training and testing could be done with real users, especially as
the planner might perform particularly well if the dialogue partner is another
instance of the planner. It would be important to choose a good distribution
of problems, since each style of planning is suited to a particular kind of

problem.

6.2.2 Dialogues with human beings

The planner has been developed and evaluated in a simulated environment,
where the strategies of the dialogue partner are assumed to be those that
the planner would choose. More likely than not, human factors will have
to be considered that would require some change of the planning model. It
is likely that human dialogue partners respond to their limitations in work-
ing memory and inferential capacity by using dialogue policies of the type
described in Section 2.9.1 more often than by generating a game tree. If a
game tree is used at all, it will likely be a severely pruned one, with much
more rough calculations of the probability and the utility of outcomes, and
with little use of a deeply nested belief model. Whichever planning model
they use, it is likely that they will form plans that are outside of the domain
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of specialisation of the planner’s set of plan rules. For example the planner
does not consider hypotheses that are not strictly focussed, yet humans can
work around unexpected focus shifts if they have to. At the moment, there
are no mechanisms to respond to such plan parsing failures.

Although the planner has been developed using established theories of
dialogue planning, there is as yet no direct evidence that the planner is
efficient outside the simulation. There are therefore two objectives for future
work. First, there is a need to find out how well the current planner performs
compared with its performance in the simulation. Second, and especially if
the planner performs poorly, human rationality in decision making [20] and
in dialogue planning needs to be explored (for example [75], [7]). It might
be possible to use parameters like "depth of game tree” or "use of nested
belief model”, and learn the parameter values using training dialogues with

users.

6.3 Improvements to design features of the

planner

6.3.1 Evaluation of game trees using a logical model of

belief

While the planner has been developed using the maximum expected utility
rule for evaluation of game trees, an alternative evaluation rule is to check
whether particular dialogue outcomes are possible, and to choose the current
act based on those. The probability of the outcomes is of no concern. This
was discussed in Section 3.4.5, but was not implemented. Such evaluation

would be an implementation of Pollack’s [53] claim that agents plan dialogues
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using different sets of beliefs about plan rules and the domain state, but
would retain the traditionally preferred logical model of nested beliefs. Such
planning would be interesting where it is very important that there is no
possibility of plan failure. Implementation of this idea is straightforward -
the continuous utility function should be replaced with a two valued one of
success and failure, and the maximum expected utility rule used at chance
nodes should be replaced by one that selects the worst outcome of the two
alternatives, given the evaluating agent’s beliefs. A less elegant but effective
way to achieve the same effect with the current planner is to use extremely
large negative utility values to represent failures. These outcomes would be
rejected even if the probability of the outcome is small, if the negative utility

is large enough.

6.3.2 Beliefs about plan rules

In the current implementation of the planner, there is only one game tree,
which is constructed using beliefs about plan rules from only level 1 and level
2 of the belief set. This single tree is then evaluated using a minimax-like
algorithm. In future, there should be a different tree from the perspective
of each agent, because each has different beliefs about the applicable plan
rules. The agent at level 1 would construct a tree using the level 1 and level
2 beliefs, whereas it would expect the agent at level 2 to be using levels 2 and
3, and so on. By a series of recursive calls the evaluator can call the planner
to construct each game tree in context, evaluate it, and use the resulting
choice of the agent to form the best play.

For many dialogue problems, agents do not change their beliefs about plan
rules, and so for the purposes of this thesis, the current implementation is

adequate. Negotiation rules would never change. However, in a negotiation
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over a domain plan, it may happen that one of the agents, a novice, has
little expertise, whereas the other, an expert, has lots, and the point of
the dialogue would be for the expert to convey the rules to the novice as
efficiently as possible. The planner could be used for example, to plan out a
tell act where the expert tells the novice how to make a pavlova, with the
domain plan appended at the end of the instructional dialogue, in much the
same way as the negotiation dialogues were planned in Chapter 5. There
would be a chance node in the domain plan to represent uncertainty about
whether the novice knows the plan rule. The value of information of the
instructional dialogue could then be calculated. The expert might also find
out what the novice does and does not know by observing his domain plans
and using belief revision on the plan rule beliefs, thereby triggering hints as
it executes the plan. In another scenario, a negotiation may involve experts
from different domains, who in their negotiation must explain why their
proposals are reasonable. In both of these scenarios, the ability to generate

different game trees from different perspectives is essential.

6.3.3 Improved belief revision

The current design of the belief revision system is based on lazy revision,
that is, revising only the least controversial beliefs. For example, if agent 1
and agent 2 were to disagree about the proposition ”blue(sky)”, and agent
2 executed the act tell(blue(sky)), agent 1 would come to believe that agent
2 believes that blue(sky), revising at level 2, but would not address his con-
flicting belief at level 1. Level 1 beliefs are always absolute (true or false), in
contrast to beliefs at the other levels, which are continuous estimates of level
1 beliefs. However, these estimates cannot currently be communicated by

the planner - it only deals with level 1, absolute beliefs. Supposing though
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that they could be communicated, it would be straightforward to conflate
each agent’s estimate by summing the frequency counts of each. For exam-
ple agent 1 might estimate that agent 3 believes P at 0.6 since on 3 of 5
occasions, an act was observed as evidence of P. On the other hand, agent
2 might estimate 3 of 15. The summed count would then be 3 + 3 = 6 of
5+ 15 = 20 giving a probability of 0.3. There is no similar way of conflating
level 1 beliefs in the current system.

One good example of where conflicting level 1 beliefs need to be resolved
is that of misconception correction. An example given by Pollack is one of a
caller to a hospital who asks for Kathy’s number. A precondition to asking
is that the caller believes that Kathy is still in hospital. The receptionist can
choose whether to give Kathy’s home number, give Kathy’s home number and
correct the misconception, or to give the hospital number as appropriate (see
figure 6.1). Correcting the misconception has some dialogue cost, but this is
made up for since the caller can then visit Kathy at home. This problem was
input to the planner. It is hard to say whether the receptionist should revise
his beliefs about Kathy being discharged when the caller asks, or whether
the caller should revise his beliefs when the receptionist tells him that Kathy
has been discharged. The former case leads to the planner choosing the play
shown in figure 6.2. Unfortunately the receptionist chooses not to correct
the misconception and the plan eventually fails. By using the strategy of
the caller revising his beliefs, the best play chosen by the planner is given
in figure 6.3. This strategy results in the desired behaviour, but it is hard
to make a domain-independent decision about which of the agents is right.
Notice that the planner as it is currently implemented produces the play in
figure 6.4, with the receptionist giving the correct number but incorrectly

omitting the misconception correction since the caller will not as a result

184



revise his level 1 beliefs.

find-kathy

( obtain-number ) contact-kathy

discharged |—-o( give-home-number )
discharged I——»( home-number-inform >
—discharged |——0( give-hospital-number >

Figure 6.1: Plan Library for misconception problem

ask-number give-hospital-number ___call-kathy

O O O >

Figure 6.2: Best play for misconception problem with receptionist revision

strategy

To properly deal with problems such as the misconception problem above,
agents must reason about the amount of evidence upon which their beliefs are
founded, and the inferences that can be drawn from conditional dependencies

between beliefs. For instance, the fact that the receptionist is at the hospital
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Figure 6.3: Best play for misconception problem with caller revision strategy

R mglve-home-number - mcall-kathy

v

NS NS
ask-number -
O =|_:| [bel(discharged)]
R mgive-hospltal-number R mcall-kathy R
T\ 4 >

Figure 6.4: Best play for misconception problem with lazy revision strategy

should be supporting evidence for his belief, that can be used to conflate
it with the caller’s previous belief. They might also conduct a dialogue of
providing supporting beliefs in a structured argument, which would update
the evidence beliefs in the hearer’s belief model, thereby reinforcing the con-
clusion of the argument. For instance, the receptionist might mention that
he is in the hospital to support the conclusion. Value of information judge-
ments could be used in the selection of the argument. This would require
a belief model that allows for non-independent beliefs, such as a Bayesian
network. There is already a system by Horvitz and Paek [35] that makes
similar value of information judgements about collecting evidence to support
a hypotheses. Coincidentally, it also involves a receptionist problem, where
clarifications are planned to disambiguate a user’s intention.

It was argued in Section 3.4.7 that for the examples in this thesis, it
is convenient that beliefs should be independent. However, there is a style

of dialogue that is not focussed on the immediate domain plan, but rather

186



provides value of information over the long-term by improving the agent’s
general knowledge. In such dialogues, the ability to draw inferences from
acquired beliefs is a lot more important. For example, an agent may learn
that there is sugar in the cupboard, which supports his immediate plan of
making a pavlova, but the inference that the week’s shopping has been done
and that there is probably flour as well provides value of information on many
occasions in the distant future. Because of this, and because of the need to
look at evidence and at argumentation, future work might focus more on the
conditional dependencies between beliefs, and use a Bayesian belief network
[50] to represent these.

The planner is not yet capable of revising the parent intention rules (see
Section 3.4.7), since such revision is quite complicated. It is hoped that in
the future that the some form of revision can be implemented. The approach
that is used at the moment is to take the first plan tree that fits an act
sequence, and revise the rules based on this. This only works for examples
that have only one parse. For example, the window-seat problem given in

Section 4.6 has a unique parse.

6.3.4 Multilogue planning

In Section 3.4.10 an outline was given to extend the planner to deal with
dialogues between three or more speakers. The design changes were mini-
mal, requiring little more than the use of a tree-shaped, rather than a linear
nested belief model, and the assumption of round-robin turn-taking. Multi-
logue planning would be particularly suitable for negotiations in cooperative
planning problems. For example, a task allocation problem might require
bids from a number of agents, who as part of their bid, inform the task

owner of beliefs about their capabilities and resource states. For example,
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the head chef might ask all the other cooks, ”Does anyone know how to peel
potatoes?”, before deciding who will make the main course and who will

make the dessert.

6.3.5 Dealing with complexity

Through the course of the experiments conducted for this thesis, the complex-
ity of the problems grew, and it became obvious both from a computational
complexity analysis of the planning problem and from practical experience
that it was easy to construct a reasonable planning problem that would over-
whelm the hardware used for the experiment. In particular, it grew difficult
to collect plentiful data for some experiments reported in Chapter 5. It is
also necessary to control the complexity of the tree so that value of informa-
tion decisions can be made for long-range plans that are deep rather than
wide. In the design chapter (see Section 3.4.9), a number of approaches to the
complexity problem were discussed. One of these, ”probability mass search”
was implemented for controlling the complexity of chance nodes, but was
not used. A heuristic beam search was proposed for dealing with choice node
complexity. However, it may not be useful when the agents have opposing
utility functions, since one agent may unwittingly prune an alternative that
the other agent subsequently chooses. On the other hand, there are many
applications in which the system and the user share a utility function. In
these, a beam search would be most appropriate. The relationship between
dialogue efficiency and beam width has yet to be explored. Another promis-
ing technique is that of recombination, whose approach was to recombine
alternative subdialogues in the game tree, one the subdialogue had closed.
This technique is important since it reduces the complexity of the problem

to linear from exponential. However, it is not always applicable. While

188



the game tree can take a compact recombined form, the evaluation algo-
rithm complexity is not isomorphic to the game tree shape. This is because
where beliefs are revised differently in parallel branches, recombination of
belief models in evaluation can only happen if the value of the belief is never
needed again in the evaluation. More often than not this will not be the case,
and especially in the kind of long-range planning where complexity measures
are particularly suitable. The best approach to limiting complexity remains

to be seen.

6.4 Further example problems

In this Section, some types of dialogue problems that could be solved in the

future by the planner are described.

6.4.1 Long-range planning and user-model acquisition

Long-range planning is the planning of immediate dialogue which provides
value of information that is realised not immediately but in the longer term.
For example, in the risk problem of Section 4.5, it was shown that over suc-
cessive runs of the same dialogue, the performance of the system improves
with each dialogue adding evidence that provides a gain in all of the following
dialogues. This long-range benefit can make the difference between choosing
a dialogue in which such evidence is given and choosing some alternative
dialogue. These kinds of dialogues seem to happen a lot in everyday life -
people with little to do immediately often fill the time by playing games in
their environment, or chatting about generally interesting things, but these
lead to accumulated wisdom which will have a long-term benefit. Schoolchil-

dren participate in a lot of this sort of dialogue. It would be interesting to
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exercise the planner to generate dialogues that would be of such long-term
benefit, and particularly apply it to the planning of tutorial style dialogue.

To perform long-range planning, the planner would need to generate the
most probable of the agents’ future courses of action, many steps into the
future, so that the value of the current dialogue act could be estimated.
Probability mass pruning for chance nodes and heuristic search for choice
nodes (see Section 3.4.9) allow the most probable and viable outcomes to
be explored, so that the planner can easily generate a game tree that has a
very low branching factor but is instead very deep so that distant outcomes
are properly covered. As an example, in a cooking domain, a deep game
tree of 1000 nodes but with a breadth of only 10 would cover most of a
cook’s important activities over the next few days, so that a cookery lesson
can be planned, and evaluated in the context of that domain plan. Suitable
examples are yet to be constructed to demonstrate how efficient long-range
dialogues can be constructed.

The long-range planner could also be applied to a problem in user mod-
elling - that of explicit user model acquisition [38]. This is where explicit
questions that are not part of the user’s immediate plan are asked of the
user so that the system can perform an initial classification of the user, such
as whether they are experts or novices in the domain. This contrasts with
implicit user modelling where the system passively observes the user. The
planner could generate a long-range plan for the user at the start of a ses-
sion. By attaching this game tree to the leaves of the different acquisition
question subtrees, the value of information of the acquisition questions can
be found. In an analogous fashion, physical acts for learning about an en-
vironment could be planned. For example, one might envisage a walking

robot who must explore an environment by trying different routes, gathering
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information about obstacles, so that future route planning problems can be

more readily solved.

6.4.2 Dry-land algorithm

In Section 4.7, it was shown that the dry-land algorithm is important for
belief revision when acts do not have preconditions. In the example, the
travel agent chooses between offering a window seat and chatting, and the
dry-land algorithm infers from its choice of chat that it either does not have
a window seat or that it believes the user does not want one. The system’s
model of the user is thus revised. Here is another interesting example that
would be a worthwhile demonstration of the algorithm. It is the problem of
a job interviewee who chooses not to admit that he does not have a driver’s
license, until he is explicitly questioned. Instead he chooses to talk about
something more impressive. In this context, the interviewer can use the dry-
land algorithm to revise downwards the belief that he has a driver’s license.
He must do this since if he thought the interviewee did have one, then his
rational choice would on the contrary have been to boast about it. The belief
is revised to the decision surface between admitting and keeping quiet.

The planner is capable of handling this problem, but it has not been
tested. Perhaps in the future the planner could be used to analyse job inter-

view transcripts. A diagram of the plan library is given in figure 6.5.

6.4.3 Knowledge engineering and large problems

The problems discussed so far have had a relatively small number of plan
rules. When a human partner is introduced, the planner will have to use
large sets of plan rules that in turn generate larger game trees than have

been seen so far. The problems of acquiring these rules and working with
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C interview >

interviewer

not(licence) -—»( tell-false(licence) >

licence accept) ( reject )

licence -—»( tell-true(licence) >

Figure 6.5: Game tree for the interview problem

complex planning problems have yet to be addressed. There is no procedure
for inducing the rules from example dialogues. One approach is by expert
hand-crafting of the rules, another is by automatic inference from dialogue
examples. It is conventional that a "tell” act has a precondition that the
speaker believes what he is telling, but it may be necessary to examine many
examples to make this generalisation from a lot of "tell’s. As for learning
the plan structures, there needs to be some method of choosing rule sets that
can generate a set of observed example dialogues. There has been work in
grammar induction, and particularly under the assumption that the language

is generated by a context free grammar, that might be applicable to the task
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of automatically finding the dialogue rules [4].

6.5 Negotiation dialogue

This section looks at future work in the negotiation dialogue area.

6.5.1 Request and propose

In Section 5.5.3, it was shown that in a cooperative setting, once an agent
agrees to always, unconditionally execute the object of a request act, there
are times when it can be more efficient to use than a propose act. However,
suppose that agent 2 were to make such an agreement, and then, due to
differences in belief, agent 1 requests an alternative that agent 2 does not
prefer. Agent 2’s rational choice is then to break the agreement. It would
seem then that the rigid pragmatic form of the request act is impossible. The
experiment has shown that the strong form of request can be superior to the
weaker propose. However, there is probably a trade off between the utility
offered by this strength and the utility offered by allowing the second agent
to break the agreement. There might be some continuum of acts ranging
in strength between propose and request, and the agents should plan an
expectation that the agreement will be broken, especially in a self-interested
setting. Further experiments might show that each act on the continuum
is dominant in some region of the belief space. The contrast between the
two acts also needs to be explored in the self-interesting setting, since self-

interested agents are more likely to prefer autonomous forms of proposing.
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6.5.2 Planning in self-interested settings

All of the examples in this thesis have used a shared utility function, and
so have been examples of fully cooperative dialogues. However, when agents
have individual utility functions, veracity is lost, and so agents can compute
the value of misinformation as well as that of information. In performing plan
recognition, hypotheses would be formed for each of the sincere and insincere
forms of the speakers acts, so that the hearer can estimate whether a lie was
the rational strategy for the agent. One example of this would be a ”friend
or foe” type of game where if both agents cooperate in a venture they can
expect to do better than if both defect. However, if one defects and the other
cooperates, the defector will be better off than had they both cooperated.
For example a fraudster in a dialogue with a banking dialogue system might
insincerely give his account number. It is then up to the dialogue system to
decide between the risk of fraud, and the expense of a security measure such
as the asking of the speaker’s date of birth. This decision would rest on the
system’s expectation that the speaker is insincere. As another example, a
negotiation of strategies between an alliance of two parties in a war, or in
a competitive marketplace, might result in an insincere proposal to attack
a third party, who is stronger than each, at a specific time. If the proposer
defects, he can allow the other two to weaken one another to the point where
he may enjoy a victory over both rather than a shared victory. The planning
of communications in such a setting must accommodate both the planning

and the recognition of insincere acts.
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6.5.3 Focussing and plan recognition in negotiation di-

alogue

It is well known that focussed plan construction helps to reduce the number
of plan recognition hypotheses to be considered by the hearer (see Section
2.5). However, the negotiation planner at present must entertain many dif-
ferent negotiation act hypotheses since they are not chosen by their relation
to the subject of the previous negotiation act. It is clear from corpora of
human dialogues for collaborative planning, for example the TRAINS cor-
pus [33], that on the contrary, speakers move in a rigorously focussed way
as they traverse the domain plan structure. For the sake of game trees with
a manageable branching factor, and to improve the planner’s performance
in recognising noisy or elliptical input, a selection mechanism that penalises
unfocused negotiation acts is proposed for future implementations of the

planner.

6.6 Combining statistical methods in
speech recognition with
probabilistic planning

Up until now, it has been assumed that the planner deals with noiseless,
unambiguous input, in the form of a dialogue act specification. As a result,
belief revision has been straightforward. If the planner were to be used in
conjunction with a statistical speech recogniser or semantic interpretation
component, belief revision would need to deal with a probability distribution
over act hypotheses, rather than just one.

Stolke et al [70] showed that information about dialogue context can make
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a slight improvement in speech recognition performance. Their approach was
to use dialogue act classification based on n-grams to predict the dialogue act
class of the next utterance. Once a distribution over classes for the utterance
is predicted, a language model is determined by mixing, in the proportions
of the distribution, language models for each act type. It may be possible to
apply a similar method by using expectations generated by the planner to
obtain a model of the user’s expected utterance.

Here is an outline of the mechanism that could be used. A typical speech
recognition system consists of a hidden markov model (HMM) acoustic model
combined with a language model for word sequences that determines the
probability of the given signal given the dialogue act P(U|A). The plan-
ner estimates the belief state, P(B), and through the planning mechanism,
the conditional dependence of the dialogue act on the belief state P(A|B).
Therefore, the conditional dependence of the utterance signal can be related
to the belief state P(U|B), if an model can be provided for producing the
signal from the act. To perform belief revision, the conditional dependence
of the belief state upon the utterance signal is required P(B|U). This can

be computed using Bayes rule as follows:

P(B|U) = P(U|B).P(B)/P(U) (6.1)

The only unknown in this formula is P(U), but since it is invariant with
the belief state, it cancels out when the relative probabilities of belief states
need to be found.

As an example, consider a belief state in which the hearer believes that
the speaker intends to have the red ball at p(red) = 0.75, and the blue ball at
p(blue) = 0.25, and that there are only two signals "red” and ”blue”. Suppose
the system picks up the signal "red”. P(U|B) might be p("red” |red) = 0.8,
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p("blue” |red) = 0.2, p("blue” |blue) = 0.8, p("red” |blue) = 0.2. The revised
belief would then be p(red) = 0.96 and p(blue) = .04. Notice that unlike
before where beliefs were revised to 0 or 1, this revision reflects the error and
ambiguity in the meaning of the signal.

In a noisy environment, the planner would be able to respond to such weak
revisions by using clarification subdialogues based on value of information,
with cut-off points for clarification appearing near 0 and 1. Choices could
be made between more and less risky types of signal, for instance, ”pass
the red ball” would have a higher probability given intend(red), than just
saying "red”. The planner might go so far as to test different strategies by
generating a speech signal using text-to-speech, and then feeding it straight
into the speech recogniser as belief revision is performed at the next level in
the game tree. This would be useful for predicting the amount of information
the subdialogue is likely to provide, so that the value of information can be
calculated.

In the spirit of the dry-land algorithm where a search is made for the belief
state that maximises the probability of an observed act, the planner could be
used with an acoustic model to search for the belief state that maximises the
probability of the given signal. This approach throws away the remainder of
the "n-best” list that is typically used in speech recognition, which could be
useful on subsequent turns, but on the other hand it is a useful simplification

that conforms with the current design of the planner.

6.7 Conclusion

This chapter has described how some open issues can be resolved in fu-

ture work on the planner. These include comparison with other approaches
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to planning, accounting for human rationality, improvement of the current
design to match the planning theory and to enhance efficiency, further in-
teresting dialogue problems, and integration with a speech recogniser in a

spoken dialogue system.
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Chapter 7

Conclusions

The main objective of the work presented in this thesis was to develop an
agent-based dialogue manager that could use a nested belief model to plan
efficient dialogues. To this end, a planning system has been implemented,
and demonstrated using a number of examples. It is now in a suitable state
to be reused for further research on dialogue planning, or to serve as a design
model for agent-based dialogue managers. It is easy to program the system
with an input file specifying plan rules and initial beliefs.

For the planner to generate correct dialogue and for it to generate a
correct expectation of the user’s dialogue contribution, it was required to
adhere to current theories of dialogue planning. Using Carberry’s model
of plan recognition in dialogue [10], and Pollack’s observation that agents
apply different plan rules and state beliefs to the same plan [53], a model
of plan formation was developed. It was argued that while this model of
dialogue planning is useful in selecting correct plans, it does not say which
of the valid plans is the most efficient. Therefore the planning theory was
used to generate the alternatives in a Bayesian game [31]. This allowed

different dialogue strategies to be evaluated, and for a user model, in the
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form of a probabilistic nested belief model, to be used to find out which of
the strategies had enabled preconditions.

One condition of acceptance of the planner is that the dialogues it pro-
duces are more efficient than those produced by current dialogue management
systems. It was shown using examples and with simulated dialogues that the
planner is more efficient by virtue of using a user model in the form of a
probabilistic nested belief model. However, the evidence given here is only
part of what is required. The simulation experiments assumed an ideal di-
alogue partner, and there is no direct empirical data to support the claim
that the planner would be as effective against a human partner. However it
is clear enough that the introduction of the user model could not result in a
system that is any worse than current systems. Human trials are therefore
the most important item for future work. As well as measuring the system,
these trials may lead to a further cycle of development, where the planning
model is changed to reflect the behaviour of the user. A secondary remain-
ing objective in evaluating the system is that it is empirically compared with
the reinforcement learning approach that is often used in learning dialogue
strategies. However, it has been argued that in some situations, the planner
would be superior to reinforcement learning.

A second condition of acceptance is that the planner can be used by a
dialogue system designer without his full understanding of the complicated
mechanisms used to decide strategies and to revise the belief model. It is
apparent from the examples given in Chapters 4 and 5 that this has been
achieved. The designer need only input a file describing the dialogue plan
rules. An example of such a file appears in Section A.2.

The planner has not yet been integrated with the components that make

up a complete dialogue system, namely a text planning and speech synthesis
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system, and a speech recognition system. The speech recognition part is the
most interesting since it must use a statistical model to translate from speech
to a parameterised dialogue act suitable for use by the planner. This was
discussed as an item for future work. At the moment, the planner is ready
to be used only with descriptions of dialogue acts for input and output.

A set of domain-independent dialogue acts were developed which can be
used to generate negotiation dialogues over a domain-level plan. These were
shown to be useful in making value of information judgements, with appli-
cation in collaborative planning problems. The negotiation acts were built
into the planner’s repertoire allowing automatic generation of negotiations.

To contribute to the research community, the implemented planner is
intended to be released using the name "PED” (Planner for Efficient Di-
alogues). Tt is intended that it and its derivatives should remain free and
open-source under the terms of the Lesser GNU public licence. This licence
at the same time allows the system to be freely used as a ”library”, linked
to non-GPL software, for example, to a non-GPL speech recogniser. A guide

to this implementation can be found in the appendix.
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Appendix A

Description and usage guide for

the implemented planner

This chapter is intended as a guide to the implemented planner, that can
help with repetition or examination of experiments and their recorded data,
and with maintenance and reuse of the provided code in future work. Sec-
tion A.1 describes the various parts of the system, and highlights the most
important procedures. Section A.2 defines the syntax of the planner’s input
files. Section A.3 gives an example of an input file used with the planner.
Finally, section A.4 gives an index so that the reader can find the files related

to the experiments in the thesis.

A.1 Software architecture

The system was developed in Prolog using Swi Prolog, a free Prolog inter-
preter, and uses built-in predicates that may or may not be available to
other interpreters. Therefore this interpreter is recommended for further

work. The corresponding source code and experiment scripts are available

202



under the Lesser GNU Public Licence (LGPL) on the world wide web at
http://planeffdia.sourceforge.net/. The various parts of the program are now

described.

A.1.1 Domain-level planner

The domain_planner directory contains the source files that are used for

domain-level planning. These are:

e build_plan_tree.pl contains the code that constructs the game tree.
There is a procedure build_plan_tree that is called recursively to ob-

tain the tree

e incr_plan_rec.pl The incremental procedure is used to apply plan
rules to obtain a plan structure. It is called by build_plan_tree proce-
dure to obtain a set of alternatives for a choice node in the game tree.
It is a recursive procedure since it needs to incrementally add an act to
the plan structure. Each act is added by the find_choice procedure.
incremental checks for preconditions to acts, and passes any that are
found back to build_plan_tree, so that a chance node can be inserted

before the choice node.

e utility.pl The make_choice procedure is used to evaluate the game
tree and return the tree’s best play. This returned structure is a tree
with chance nodes and choice nodes, where all but the best alternative
have been pruned at the choice nodes. make_choice calls the pro-
cedure e_u which is used to evaluate a game tree. e_u in turn calls

make_choice to find the best play to evaluate.

e belief_revision.pl The belief_revision procedure performs ordinary

precondition and effect belief revision by updating the belief model.
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Due to its relatively slow execution time, dry-land belief revision has
not yet been integrated so that the ordinary domain level problems run

quickly.

e fuzzyise.pl This file contains utilities for the sampling form of the
planner, which was used in the experiments of section 4.5. It randomly

chooses actual belief states according to the distribution estimated by

the belief model.

e dialogue_manager.pl This is a rudimentary dialogue manager, that
has a control loop to choose the system’s act, perform dry-land and or-
dinary belief revision, update the history list, then read the user’s act,
perform dry-land and ordinary belief revision, and update the history
list. It was only used once, in the experiment on belief model acquisi-
tion, where a user had a dialogue by reading canned English text for
the system’s act, and then performing his response by selecting from a

multiple-choice list. This experiment was reported in section 4.7.

e utils.pl This file contains a set of general-purpose utility procedures.

A.1.2 Negotiation planner

The negotiation planner is contained within one file, critical_points.pl, con-
tained in the negotiation_planner directory. The main procedure is called
neg_tree and it recursively generates the negotiation game tree. At each
choice node, a set of procedures is called to provide the set of alternative
negotiation acts for that point in the dialogue. Once the game tree has been
constructed, the domain-level game tree is attached to the leaves. Evalua-
tion is performed using the code from the domain-level planner, but the file

provides appropriate dry-land procedures for the evaluator to call.
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A.2 Input file format

The syntax of the planner’s input file is now specified using Backus Naur

Form notation.

<input-file> ::= <belief-model> <costs> <reward> <seed>
<belief-model> ::= belief-model (<agent-name>, [<levels>]).
<levels> ::= <level>

<levels> = <level> , <levels>

<level> ::= nesting_level(<level-number>, [<beliefs>])
<beliefs> ::= <belief>
<beliefs> = <belief>, <beliefs>

<belief> ::= p(<proposition>,<probability>)
<proposition> ::= decomp(<act>,<childlist>)
<proposition> = intend(<proposition>)

<proposition> bel (<proposition>)
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<proposition> ::= <identifier>

<costs> ::= <cost>

<costs> <cost> <costs>

<cost> ::= utility(<act>,<real>).

<reward> ::= any prolog function mapping a <plan> to a <real>.

often a constant

<seed> ::= seed_root(<Kact>).

A.3 Example input file
This section gives the input file used in example 1 of chapter 4.

/****************************************/

/* experiment configuration */

/****************************************/

/* use sampling? */
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/* sampling(on,50,50). */
/* sampling(off,10,1000). */

/***********************************/

/* belief model for the blue agent */

/***********************************/

belief_model(blue_agent, [ A,
nesting_level(2,B),
nesting_level(3,C),
nesting_level(4,B),
nesting_level(5,C),
nesting_level(6,B),
nesting_level(7,C),
nesting_level(8,B),
nesting_level(9,C),
nesting_level(10,B),
nesting_level(11,C)

IR

belief_model(blue_agent_basis,
(A,
nesting_level(2,B),

nesting_level(3,C)
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belief_model(

blue_agent_basis,

L

nesting_level(

1,

L

p(decomp(fix-car,
[ask-car-spanner,lend-car-spanner,

use-car-spanner]),1),

p(decomp (ask-car-spanner,
[ask-ambiguous]),1),

p(decomp (ask-car-spanner,

[ask-car-unambiguous]), 1),

p(decomp (fix-bike,
[ask-bike-spanner,lend-bike-spanner,
use-bike-spanner]),1),
p(decomp (ask-bike-spanner,
[ask-ambiguous]),1),

p(decomp (ask-bike-spanner, [ask-bike-unambiguous]), 1),

p(intend(fix-car,

[ask-car-spanner]),1),
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p(intend(ask-car-spanner,
[ask-ambiguous]),1),
p(intend (ask-car-spanner,

[ask-car-unambiguous]),1),

p(intend(fix-bike,
[ask-bike-spanner]),1),

p(intend(ask-bike-spanner,
[ask-ambiguous]),0),

p(intend (ask-bike-spanner,
[ask-bike-unambiguous]),1)

]

),

nesting_level(

2,

[

p(decomp(fix-car,
[ask-car-spanner,lend-car-spanner,

use-car-spanner]),1),

p(decomp (ask-car-spanner,
[ask-ambiguous]),1),

p(decomp (ask-car-spanner,

[ask-car-unambiguous]),1),
p(decomp (fix-bike,
[ask-bike-spanner,lend-bike-spanner,

use-bike-spanner]),1),

209



p(decomp (ask-bike-spanner,
[ask-ambiguous]),1),
p(decomp (ask-bike-spanner,

[ask-bike-unambiguous]),1),

p(intend(fix-car,
[ask-car-spanner]),1),

p(intend (ask-car-spanner,
[ask-ambiguous]),0.5),

p(intend (ask-car-spanner,

[ask-car-unambiguous]),1),

p(intend(fix-bike,
[ask-bike-spanner]),1),

p(intend(ask-bike-spanner,
[ask-ambiguous]),0.5),

p(intend (ask-bike-spanner,
[ask-bike-unambiguous]),1)

]

),

nesting_level(

3,

[

p(decomp(fix-car,
[ask-car-spanner,lend-car-spanner,

use-car-spanner]),1),

p(decomp (ask-car-spanner,
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[ask-ambiguous]),1),
p(decomp (ask-car-spanner,

[ask-car-unambiguous]), 1),

p(decomp(fix-bike,
[ask-bike-spanner,lend-bike-spanner,
use-bike-spanner]),1),
p(decomp (ask-bike-spanner,
[ask-ambiguous]),1),
p(decomp (ask-bike-spanner,

[ask-bike-unambiguous]),1),

p(intend(fix-car,
[ask-car-spanner]),1),

p(intend(ask-car-spanner,
[ask-ambiguous]),0.5),

p(intend (ask-car-spanner,

[ask-car-unambiguous]),1),

p(intend(fix-bike,
[ask-bike-spanner]),1),

p(intend (ask-bike-spanner,
[ask-ambiguous]),0.5),

p(intend (ask-bike-spanner,

[ask-bike-unambiguous]),1)
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/************************************************/

/* cost model */

/************************************************/

/* nb all atoms have to have a utility */
utility(ask-ambiguous,-5).
utility(ask-car-unambiguous,-10).
utility(ask-bike-unambiguous,-10).
utility(lend-car-spanner,-10).
utility(lend-bike-spanner,-10).
utility(ask-clar,-3).
utility(answer-bike,-1).

utility(answer-car,-1).
utility(use-car-spanner,0).

utility(use-bike-spanner,0).

reward(Plan,100) :-
plan_contains(Plan,fix-car),

plan_contains(Plan,use-car-spanner), !.
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reward(Plan,100) :-
plan_contains(Plan,fix-bike),

plan_contains(Plan,use-bike-spanner), !.

reward(Plan,80) .

seed([alternative(plan(ask-car-spanner,
[plan(ask-ambiguous, [1)]),
ask-ambiguous,
null
),

alternative(plan(ask-car-spanner,
[plan(ask-car-unambiguous, [])]),
ask-car-unambiguous,

null

.

A.4 Index of experiment materials

Here is a list of the experiments, in their order of appearance in the thesis,
and the location of the results, input and control files that corresponds with

them. A brief description of the experiment procedure is given for each.
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e Chapter 4: Risking misinterpretation This experiment
corresponds with the spanner_demos directory. Two input files were
used in this experiment. config.pl was used where no clarification
dialogue was desired in the game tree. config_clarify.pl differed in
that plan rules for the clarification subdialogue were added. The file
test_harness.pl has a procedure that runs the planner for each of the
demonstrations. The data generated in the experiment was written to
the data subdirectory. There is a set of gnuplot scripts in this directory

which generate plots from the data.

e Chapter 4: Goal introduction problem This experiment corre-
sponds with the window _seat_demos directory. Two input files were
used in this experiment, config.pl and config2.pl. The difference be-
tween these is that the passenger who wanted a window seat but didn’t
get one has a lower reward in the second configuration. The file
test_harness.pl has a procedure that runs the planner for each of the
demonstrations. The data generated in the experiment was written to
the data subdirectory. There is a set of gnuplot scripts in this directory

which generate plots from the data.

e Chapter 4: Belief model acquisition This experiment corresponds
with the window _seat_acquisition directory. The input file con-
fig.pl is similar to that used in the goal introduction experiment. The
experiment was controlled using the dialogue manager program in the
file domain_planner/dialogue_manager.pl. Data was collected by
running the Prolog interpreter in debugging mode and examining the

belief state of the agent.

e Chapter 5: Telling and proposing This experiment corresponds
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with the negotiation_examples/propose directory. The input file
was config.pl. The test procedure in the file test_harness.pl was
used to generate and evaluate the game tree. Different sets of acts
were enabled and disabled to show the difference in utility they make.
This was done by commenting out lines in the file

negotiation_planner /critical points.pl.

Chapter 5: Holding the floor This experiment corresponds with
the negotiation_examples/ask _beat _tell directory. The input file
was config.pl. The file test_harness.pl was used to create two sets
of results. First the value of bel(have-eggs) was set to 0.1 at level 3
for one set of results. For the second set, it was set to 0.8. These
resultsets have indicative filenames in the data directory. There is a

gnuplot script to generate the plots.

Chapter 5: Request and propose This experiment corresponds
with the negotiation_examples/auto_ask_got_fruit directory. The
input file was config.pl. The file test_harness.pl was used to create

the set of results. There is a gnuplot script to generate the plots.

Chapter 6: Misconception This experiment corresponds with the
misconception directory. The input file was config.pl. The file
test_harness.pl was used to consult the input file and call the plan-
ner. Different belief revision strategies were tried by modifying the

belief revision code. These modifications were thereafter removed.
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