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ABSTRACT
Any dialogue consists (usually) of a sequence of turns taken by the par-
ticipants, in our case, a user and a system. For each participant, when
beginning the dialogue or responding to the previous turn, one question that
has to be answered is ‘what do I say next?’. Factors influencing this decision
include the overall purpose of the dialogue, the current state of the dialogue,
the form and content of the previous utterances, and the participant’s imme-
diate and future intentions. Different approaches to dialogue treat the deci-
sion problem in different ways: information state-based theories regard the
decision as being largely if not completely determined by the effect of the
previous utterance on the assumed information states of the participants.
More recent statistically based models regard the decision as arising out of
a complex interaction between a probability distribution over information or
belief states, and a ‘policy’ resulting from some learning method which tries
to work out from previous experience what the optimal decision is.
This deliverable has the aim of specifying how to incorporate decision theo-
retic models into different types of dialogue systems. We begin with a review
of the relevant approaches to decision theory in dialogue. Many of these
require training on large numbers of dialogues from the intended applica-
tion domain. Real examples of such dialogues are seldom available, and
are expensive, labour-intensive and difficult to obtain. One alternative is to
produce artificial simulated dialogues, given a small number of real exam-
ples from which a simulated user can be built. These simulated dialogues,
provided they are sufficiently realistic, can be used as input to methods for
learning a decision policy. We describe some practical experiments which
we have carried out on dialogue simulation. Since an annotated version
of the Companions corpus has only recently become available to us, these
experiments were carried out on the Dihana corpus: a collection of almost
1000 rail journey query dialogues in Spanish. Assessing the quality of sim-
ulated dialogues is not easy, and we also describe various experiments in
which alternative methods of judging quality are compared.
The purpose of generating a large number of simulated dialogues is to have
data with which to learn a good decision policy. We go on to describe exper-
iments in which we construct a Markov Decision Process dialogue model for
the Dihana application, and learn a policy for it from the simulated dialogues
using Q-learning, a popular reinforcement learning method. The resulting
system is evaluated along various dimensions.
Finally, we discuss ways in which some of these decision theoretic mecha-
nisms might be incorporated into one of the current Companions prototype
dialogue systems.
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1 Decision Networks: An Overview

1.1 Graphical Models

In recent years graphical models have become increasingly important in the machine
learning community. Their popularity stems partly from the fact that they provide clear,
succinct, and intuitive ways of describing the relationships between the variables of a
model, and partly from the solid theoretical grounding they have in statistics. These
properties enable graphical models to deal with both the complexity and the uncertainty
that plagues many machine learning problems [13]. In essence, graphical models are
efficient representations of the joint probability distributions and conditional indepen-
dence that exist between the variables of a model. Probabilistic inference in graphical
models is achieved through message passing.

Graphical models are network representations in which the nodes correspond to
model variables and the edges to the probabilistic relationships between them. The
fact that conditional independence is represented implicitly by the absence of edges
between nodes, leads to an efficient sparsely connected graphical representation of
probabilistic models.

There are two kinds of graphical models: undirected and directed. Undirected
graphs can also be described as Markov networks or Markov random fields [11]. Prob-
lem solving with Markov networks is concerned with identifying maximal cliques within
the graph, where a clique is a subgraph in which every node is connected to every other
node. Directed graphs can also be described as belief networks or Bayesian networks.
The directed edges in these graphs can be interpreted as expressing causal relation-
ships between the random variables of the model. It is possible to use the directed
edges to represent non-causal relationships between variables, but this can often lead
to sub-optimal graphical representations. The node at the start of an edge in a directed
graph is often described as the parent, whilst the node at the destination of an edge
is often described as the child. A path through a directed graph denotes a sequence
of connected nodes. A path in which three nodes Xi, Xj and Xk are connected in se-
quence such that Xi is the parent of Xj and Xj the parent of Xk is described as a serial
path (Figure 1a). A convergent path is where one node is the child of two or more par-
ent nodes(Figure 1b). A divergent path is where one node is the parent of two or more
other nodes (Figure 1c).

Inference using directed graphs generally involves finding the values of nodes rep-
resenting latent (or hidden) variables, given the values of nodes representing observed
variables. There are two forms of inference using directed graphs: predictive and diag-
nostic inference. Predictive inference progresses in a forward direction along the edges
between the nodes. In this case, the values of nodes representing causes are known
and the values of nodes representing effects or symptoms are the predicted outcomes
of those causes. Diagnostic inference, on the other hand, progresses in a backward
direction along the edges from the nodes representing effects or symptoms back to
nodes representing their potential causes. For many applications, the size of the graph-
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Figure 1: (a) serial, (b) convergent and (c) divergent paths in a graphi-
cal model

ical model makes exact inference computationally intractable. Consequently, several
methods have been used for approximating the inference on large graphs, including
variational methods such as mean-field approximation and Markov Chain Monte Carlo
sampling methods.

Machine learning can be applied to graphical models to derive either the parameters
of the model (e.g. probability distributions over node values) or the connectivity structure
of the graph, or both. Different machine learning methods are required depending on
whether or not all the variables of the model are observed.

Graphical models can be adapted to support decision making by incorporating ad-
ditional nodes that denote the potential utility of certain actions or decisions. Inference
methods can be applied to these so-called influence graphs to establish an optimal se-
quence of actions needed to maximise the expected utility. Figure 2 shows an example
of a small influence graph to support decision making within a dialogue management
context [16]. The graph models the decision between making a checking move (i.e. to
check the previous dialogue move) or a new topic move (i.e. start a new topic in the
dialogue). This decision is influenced by factors concerning the level of noise N in the
environment in which the dialogue is being held and the importance of the speed S and
accuracy A of the dialogue. The diagram in Figure 2 includes a square node labeled
D that represents the check/new move decision, and a diamond node labeled U that
represents the utility of that outcome of making that decision. The directed edges in the
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Figure 2: An influence graph modelling a simple dialogue move choice.
The variables represent environmental noise (N ∈ {yes, no}), dialogue
speed (S ∈ {fast, slow}), move decision (D ∈ {check, new}), accuracy
(A ∈ {yes, no}) and decision utility (U )

graph show that both the noise variable N and the decision node D directly influence
the variables representing the speed S and accuracy A of the dialogue. The resulting
speed/accuracy ratio determines the value of the utility node U . Reinforcement Learning
(see below) is commonly used to derive the parameters of influence graphs.

1.2 Bayesian Networks

Bayesian Networks are graphical models represented using Directed Acyclic Graphs
(DAGs) and are capable of both predictive and diagnostic inference. The joint distribu-
tion of node values in a Bayesian Network is computed using the product of the condi-
tional probabilities of the model variables. For a network with n nodes, each denoted
by Xi, and with Ψi denoting the set of nodes that are the parents of node i, the joint
probability distribution is given by:

P (X1, . . . , Xn) =
∏n

i=1
P (Xi|Ψi) (1)

An important concept in Bayesian Networks is d-separation, which relates to the
conditional independence between variables. Two nodes Xi and Xk of a network are
said to be d-separated if every path between Xi and Xk includes an intermediate node
Xj such that either:

• the path is serial (Figure 1a) or diverging (Figure 1c) and Xj is instantiated, or

• the path is converging (Figure 1b) and Xj (and none of its descendants) have been
observed.

If Xi and Xk are d-separated, then any change in the value of Xi with not effect Xk

and vice-versa.
Each node in a Bayesian Network has a finite set of mutually exclusive states as-

signed to it which correspond to the set of potential values of the associated random
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variable. Each node also has a table of potentials assigned to it which contains the
conditional probabilities P (Xi|Ψi) for the node.

1.3 Reinforcement Learning

Reinforcement Learning (RL) is an approach to learning that is centered on the experi-
ences that the learner has of interacting with the environment (Figure 3). The concept
of a reward is central to the reinforcement learning paradigm. As the learning agent
interacts with the environment, each action elicits a reward from the environment. Rein-
forcement Learning methods attempt to learn which sequence of actions will maximise
the reward given by the environment.

An RL system consists of:

• A finite state of states: S

• A finite set of actions: A

• A state transition function T that defines a probability of moving to state s′ from
state s having taken action a: T (s, a, s′) = P (s′|a, s)

• A reward function R which defines the expected reward for a given action a in state
s: R(s, a)

• A policy π which determines which action to perform in any given state s at time t:
πt(s)

The reward policy π can either be stationary or non-stationary. A stationary policy
is one that is dependent only on the current state π(s), whilst a non-stationary policy is
also dependent on time πt(s).

In general, RL needs to deal with three problems: credit assignment, generalisation,
and the exploration versus exploitation trade off. The credit assignment problem is
concerned with the issue of delayed reward: often the full reward from a sequence
of actions are not received until later in the interactive sequence. It then becomes
necessary to decide how to assign reward to earlier actions in the sequence. This
is done using temporal difference learning.

In many applications, it is not possible for the learner to explore all possible action/s-
tate reward pairs. The issue then is, how does the learner generalise from what it does
know of these rewards to previously unseen action/state pairs? For this, it is necessary
to combine RL with generalisation methods, most frequently ’function approximation’ -
supervised learning (e.g. ANNs).

In RL, the learner gathers information about the reward for action/state pairs. As
it does so, in each state it must choose either to apply an action which it knows from
experience will produce a good reward (exploitation), or to try an action which for which
the reward is unknown (exploration), leading it to potentially unexplored states.

Companions · Deliverable 4.2 · Version 6.0
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Figure 3: The interaction cycle between learning agent and environ-
ment in a reinforcement learning system

1.4 Markov Decision Processes

Markov Decision Processes (MDPs) and Partially Observable Markov Decision Pro-
cesses (POMDPs - see below) are versions of dynamic Bayesian networks that satisfy
the Markov property. That is, they are used to model systems that change state over
time in which a new state depends only on the previous state and the action performed
(Figure 4). The state of the system at a moment in time is represented by a node (or
set of nodes), the nodes for consecutive states are connected to represent the temporal
relationship between them.

A solution for an MDP is a policy πV (s) which maps states onto actions based on the
value Vπ(s) of the subsequent states:

πV (s) = argmax
a

[

R(s, a) + γ
∑

s′∈S

T (s, a, s′)V (s′)

]

(2)

Vπ(s) = R(s, π(s)) + γ
∑

s′∈S

T (s, πs, s′)Vπ(s′) (3)

The solution involves iteratively finding the values of πV (s) and Vπ(s) until conver-
gence is reached. Various algorithms have been developed for this including Value
Iteration or Backward Induction (Bellman 1957) in which the value of πV (s) is calculated
only when needed. Policy Iteration offers an alternative method in which the value of
πV (s) is initially fixed whilst all the values of Vπ(s) are calculated. πV (s) is then updated
based on Vπ(s). The new value of πV (s) fixed again as Vπ(s) is updated. This cycle
continues until the values converge.

Companions · Deliverable 4.2 · Version 6.0
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Figure 4: A graph representing a Markov Decision Process in which S
denotes the state of the world, D denotes the decision or action of the
system, and R denotes the reward. The double-lined arrows indicate
a relation between the source at time t and the target at time t + 1 (i.e.
from St to St+1 and from Dt to St+1). n indicates that this subgraph is
repeated for n time steps.

1.5 Partially Observable Markov Decision Processes

A significant drawback of MDPs is that they require complete knowledge of the state that
the environment is in. In many real-world applications, it is difficult or impossible to ob-
serve the environmental state with absolute certainty, given, for example, the presence
of measurement noise or reliability issues that are common with input devices. Par-
tially Observable Markov Decision Processes (POMDPs) are a generalisation of MDPs
designed to cope with precisely this issue (Figure 5).

POMDPs inherit all the components of MDPs, including a set of states S, a set of
actions A, a set of state transition probabilities T and a reward function R. POMDPs
additionally have a set of observations Ω, and an observation function O(s′, a, o), which
is the probability of observing o after taking action a and ending up in sate s′. Instead of
having a discrete state space, as with MDPs, POMDPs define a belief space b(S) which
is a probability distribution over the set of states S, expressing the degree of belief over
what state the environment is in at a given time.

POMDPs implementations typically include a State Estimator, which is responsible
for updating the belief state based on the current observation o, the last action to be
performed a, and the previous belief state b(S) (Figure 6). POMDPs use a policy π to
map the current belief space to potential actions.

The value function for POMDPs must extend the MDP value function to accommo-
date the belief state:

Companions · Deliverable 4.2 · Version 6.0
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Figure 5: A graph representing a Partially Observable Markov Decision
Process in which S denotes the (hidden) state of the world, B denotes
the belief state of the system, D denotes the decision or action of the
system, and R denotes the reward.

Figure 6: The interaction cycle between learning agent and environ-
ment in a POMDP. SE denotes the State Estimator which estimates
the currently belief state bt(S) that the policy π uses to determine which
action to taken next.
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Vπ(b(S)) =
∑

s∈S

b(s)Vπ(s) (4)

As with MDPs, the value function Vπ(b) is computed using value iteration. POMDPs
suffer from scalability problems, given the fact that the belief space b(S) is continuous.
Various algorithms have been proposed to compensate for this, including the Witness
algorithm. However, this is only feasible for relatively small state spaces. Most current
implementations train an approximate policy using a reinforcement learning technique
such as Q-learning. Intuitively, this technique begins with known reward values asso-
ciated with final states in the POMDP. The reward values are recursively propagated
back through earlier states so that if the state space has been sufficiently well sampled,
all transitions will have appropriate rewards associated with them. In the best case Q-
learning will converge to a stable solution, but for many large applications it is sufficient
to run the algorithm for a sufficient number of iterations that an approximately optimal
reward function is assigned. If possible, the sampling should be based on a corpus of
actual or simulated dialogues.

2 Dialogue simulation using probabilistic models

2.1 Introduction

As mentioned earlier, collecting real dialogue data is an extremely time-consuming and
expensive process. It has therefore become a common practice in the dialogue com-
munity to create artificial dialogues by building a simulated ‘user’. From a small sample
of dialogues, it is usually possible to build a probabilistic system which will generate
further dialogues of a similar type. In this section, we will be presenting some Machine
Learning (ML) probabilistic techniques of dialogue simulation and experiments over a
dialogue corpus. Because at this point in the project we do not have a real dialogue
manager, the purpose of these experiments is to generate both user and system turns
using some statistical models estimated from real data. The level of simulation is both
at the intention level (dialogue act tags like ‘yes-no question’, or ‘confirmation’), and also
at some semantic levels (frames and data attributes, such as names of cities, or times
of trains). Using these two levels is motivated by the fact that the corpus with which the
experiments were performed had been annotated at both levels.

2.1.1 Motivation

There are two main goals for synthetically simulated dialogues:

• generation of samples for developing ML dialogue managers. In all data-driven ap-
proaches to problems of natural language processing the amount of training data
is a critical aspect in order to obtain good performance. For example, only when
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large parallel corpora (i.e. aligned sentences in both source and target languages)
became available did machine translation (MT) based on ML begin to get interest-
ing results. Dialogue corpora are hard and expensive to acquire, transcribe and
afterwards annotate. Great amounts of resources are needed to get large anno-
tated corpora, and the largest dialogue corpora that exist at the moment are only
a few thousand dialogues, which is insignificant compared to MT corpora that may
contain billions of sentences. If we mean to optimize dialogue managers using
data driven approaches, really large amounts of data will be needed. In principle,
simulation could be a way to achieve this. However, some caution is needed. This
process may not produce good results if we are not careful about the simulation. If
we are going to develop models from data that was synthetically generated by an-
other model, it would be possible that these developed models will only estimate
the generator models, i.e. be too close to them, without enough generalization.
For this reason, in order to check their quality, independent criteria will be needed
to evaluate these models.

• inexpensive, automatic and fast way to evaluate the performance of different dialogue
managers. Evaluation of dialogue systems in general and dialogue managers es-
pecially are an open issue. However in many projects, real users are used to eval-
uate the models. This process is very expensive and slow since people must be
found and usually paid. Furthermore, before getting a definite model it is common
to have several provisional prototypes that need to be rapidly evaluated. Using
user simulation can be a solution to the evaluation of these prototypes and an
automatic comparison of final dialogue managers.

2.1.2 Related work

In the existing literature, some previous dialogue simulation works using machine learn-
ing methods can be found. Usually they are only simulating the user turns because they
have a working dialogue manager to perform system turns. This requires the building of
a ‘user model’ that will give behaviour approximately like that of a real user.

The first work that performed user simulation is [4] in which they experimented with
different user model policies to evaluate robustness of dialogue systems. The user mod-
els are based on n-grams of intentions and the evaluation criterion that they used was
the length of the dialogues. This approach was also followed by [25], using additionally
some overall structure over the intentions of the user utterances in order to be consis-
tent with a predefined user goal. They compared the average number of turns needed
to achieve the goal, and the failure rate of the simulated dialogues, with real data. There
is a third line of work that uses n-grams to simulate dialogues [6], comparing them with
another method based on supervised learning using linear feature combinations. They
measured the quality of the simulation as a function of filled and confirmed slots: in this
kind of task oriented dialogue the aim of the system can be conceptualised as a process
of filling a predetermined number of slots with appropriate values.
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In [15] a complete probabilistic simulation of all the components of a dialogue sys-
tem was performed. The user model relies on the Bayesian Network framework. Using
these simulation techniques they try to train a reinforcement learning agent based on
Markov Decision Processes (MDP). [17] investigated an agenda based used model. The
user goal and user agenda “provide compact models of the dialogue context and user’s
state of mind”. As the user agendas are not observable data they use an Expectation-
Maximization training method to estimate the model parameters on data. Also, they have
to use some constraints and a summary space representation - i.e. a representation
based on a sample of the complete space - to reduce the intractable number of param-
eters that can exist. They compare dialogue length, completion rate, and performance
of the trained model with real users against the same parameters with a handcrafted
simulation policy. The trained model displays better behaviour.

2.2 Knowledge representation in dialogue

For our purpose, that is dialogue simulation at the intention level, a dialogue D can be
described as an alternating series of user and system turns:

D = S0, U1, S2, U3, ..., ST−2, UT−1, ST

where Si are turns performed by a system agent and Uj are turns by user agents. Each
turn is formed by the words that the user/system utters. Obviously, at each step t of the
dialogue, only information from previously generated turns is available.

At the same time, every turn is formed by one or more sequences of words, where
each one describes a particular linguistic intention (speech act). That is, every sequence
of words (utterance) is assigned with dialogue acts (DAs) labels, and depending on
their definition they might also contain some semantic information. For example, in
some applications it might be useful to subdivide the category of questions into more
detailed acts like ‘ASK-TIME’, or ‘ASK-PLACE’. Each of the user and system turn can
be composed of one or more DA labels of this predefined set, that are assumed to be
the same for both agents. Λi = Λ0

i , Λ
1
i , .., Λ

|Λi|−1

i where Λi ∈ {S, U} can be a user or
system turn and Λj

i is the j − th DA of this i− th turn.
In task-oriented dialogues, i.e. those where the target of the dialogue is to carry out a

specific well-defined task, such as gathering all the fields needed for a database query),
other information that is available is the semantic data of the task that the turn contains.
It can be the data contained in the user turn (or that the system believes is contained)
or the information that the system gives in its turn (or data that the user believes the
system gave).

D = {S0, VS0
}, {U1, VU1

}, {S2, VS2
}, {U3, VU3

}, . . .

. . . {ST−2, VST−2
}, {UT−1, VUT−1

}, {ST , VST
}
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where VSi
is the semantic data available for the system at turn i, and VUj

is the semantic
data available for the user at turn j.

2.3 Probabilistic Models

As some of the previously mentioned works do, the models that we are going to use are
n-grams, i.e. sequences of words or even dialogue acts 1, 2 or n long. However, we have
performed a systematic study of the effects of generating segmented or unsegmented
turns and the relevance of using data state. By ‘segmented’ we refer to the fact that
a particular utterance may realize several dialogue acts: for example, ‘thank you, and
goodbye’.

2.3.1 N-Grams using unsegmented turns

As was explained previously our aim is to generate both user and system turns for a
dialogue. One possible approach to the problem is to generate directly the whole unseg-
mented turn (every turn is composed by one or more DA labels) according to the proba-
bility of each turn given information about previous turns. We look at this possibility first,
so that in all the experiments reported in this section, the unit (word) of the n-gram will
be the whole turn. The model using only turn labels will be Pr(Λi|Λi−1, Λi−2, Λi−3, ..., Λ0),
where Λj ∈ {S, U}. Logically, the history must be limited using only n − 1 previous
turns, being the models estimated by n-grams. Pr(Λi|Λi−1, Λi−2, ..., Λi−n+1). Adding the
semantic data of the task, a possible model will be the following:

Pr(Λi|{Λi−1, Vi−1}, {Λi−2, Vi−2}, ..., {Λi−n+1, , Vi−n+1})

where Vj will be VSj
if Λj = Sj and VUj

if Λj = Uj.
Basically, the process of generation will be the following: an initial system turn is

always deterministically generated and an initial data state is set. Afterward, in each
turn, a whole turn will be randomly generated according to the distribution probabilities
estimated from real samples. This process will be repeated until the system generates
the turn that finishes the conversation.

2.3.2 N-Grams using segmented turns

The process is similar to the one using unsegmented turns, but the unit to generate is
the DA label individually, i.e. the words of the n-gram are the labels of the segments.
Therefore, it is possible to generate sequences of DAs that do not appear in the corpus:
user or system turns that have not been seen in the training corpus. The probabilities
can be represented:

Pr(Λj
i |Λ

j−1

i , ..., Λ0
i , Λ

|Λi−1|−1

i−1 , ..., Λ0
i−1, ..., Λ

|Λ0|−1

0 , ..., Λ0
0)
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Table 1: The set of dialogue act labels used in the Dihana corpus
Level Labels

First Opening, Closing, Confirmation, Undefined, Not-
understood, Waiting, Consult, Acceptance, Rejection

Second Departure-hour, Arrival-hour, Fare, Origin, Destina-
tion, Day, Train-Type, Service, Class, Trip-time

Third Departure-hour, Arrival-hour, Fare, Origin, Desti-
nation, Day, Train-Type, Service, Class, Trip-time,
Order-number, Number-trains, Trip-type

2.4 Corpus

In the dialogue framework as other Computational Linguistic areas the results of the
experiments usually depend directly on specific features of the data with which experi-
ments were performed. For this reason a detailed description of it is needed.

The corpus used for the experiments is the Dihana corpus [8] which is composed of
900 ‘system’-to-human dialogues. In order to limit the task domain, the queries were
restricted to timetables, fares, and services for long-distance trains in Spanish. The
acquisition of the corpus was carried out by means of an initial prototype and using the
Wizard of Oz (WoZ) technique: this is a well known technique in the community in which
an unseen human simulates the responses of a computer system unknown to the user.

A three-level annotation scheme of the Dihana corpus utterances was defined. The
DA set used represents the general purpose of the utterance (first level), as well as
more precise semantic information specific to each task (second and third levels). The
second level indicates the repository of information implicit in the utterance (i.e. data
used or modified according to the first level intention label), and the third level repre-
sents the specific data present in the utterance. An example of a label can be given:
(M:Confirmation: Day: Day, Departure-hour). The M indicates that is a
Machine (System) turn, the first level is Confirmation, the second level is Day and
the third level is Day, Departure-hour. This label can correspond to the following
system utterance of “Do you want to leave on Saturday, May the 15th of 2004 at 7 pm?”

Using this annotation scheme, dialogues were automatically labeled and manually
corrected. After this process, there were 248 different labels (153 for the user, 95 for
the system) using the three-level scheme. When considering only the first and second
levels, there were 72 labels (45 for user, 27 for system). When considering only the first
level, there were only 16 labels (7 for user, 9 for system).

Other important features of the dialogue annotation are:

• Every system or user turn can be formed by one or more labels, e.g. the labels
(U:Question: Departure-hour: Origin), (U:Question:
Departure-hour:Destination) correspond to the utterance turn: “I want to
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know the departure times from Valencia to Madrid”. Not all the combinations of la-
bels are possible, in the corpus appear the following number of different combina-
tions for turns: 956 (741 for user turns, 215 for system turns) using the three-level
scheme, 200 (129 for user turns,71 for system turns).

• Every dialogue always begins with a system turn formed by a label:
(M:Opening:Nil:Nil) and ends with the user turn formed by the label
(U:Closing:Nil:Nil) and system turns formed by (M:Closing:Nil:Nil).

Additionally to this annotation there is a vector of features that indicates the data that
the system thinks the user has uttered (this concept was called a ‘blackboard’ in the
original dialogue acquisition). It is a vector of bits such that a 1 indicates the presence of
the i’th attribute and 0 indicates absence of it. This vector appears after every user turn,
except the last one (because it is always closing the conversation and does not add any
new information). They are cumulative too, that is, if the system believes that some data
exists in one user turn, these data are also known in the following system turns. The
vector is logically divided into two parts, the first one indicates attributes (22 slots) and
the second part is frame information (10 slots).

An example of a vector is 1100000000000000000000 − 0000000000 that indicates the
presence of the first and second attribute (ORIGIN and DESTINATION, respectively).

2.5 Experiments

Different kind of experiments have been performed to evaluate the quality of the models.

2.5.1 Generation experiments

The first set of experiments were generating dialogues using probabilities of n-gram
models. All the data was used to train the models and two different back-off techniques
have been used. (Back-off refers to a way of dealing with the situation where no relevant
observations have been seen in the training data.) The first consists in calculating the
probabilities only lowering the value of n in the n-grams until the the n-gram appears
in the training without using discount values. The second one is using the Good-Turing
discounting strategy [9] to smooth the models:

Pr
bo

(wi|wi−n+1, ..., wi−1) =















Prbo(wi|wi−n+1, ..., wi−1) if wi, wi−1, .., wi−n+1 exists
in training corpus

α(wi−n+1, ..., wi−1) Prbo(wi|wi−n+2, ..., wi−1) otherwise

where Prbos are the discounted probabilities and αs are the backoff weights.
Experiments were also performed using only 3-level labellings with and without the

data vector.
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Table 2: Values that appear at data vector. The order value indicates
the position of the attribute or frame inside the vector.

Order Attributes Frames

1 Origin Departure_time

2 Destination Arrival_time

3 Interval_departure_dates Fare

4 Interval_arrival_dates Duration_type

5 Interval_departure_day Train_type

6 Interval_arrival_day Confirmation

7 Interval_departure_time Affirmation

8 Interval_arrival_time Negation

9 Train_type Closing

10 Travel_type Not_understanding

11 Class

12 Relative_order_N_S

13 Relative_order_N_S

14 Fare

15 Duration_trip

16 Services

17 Current_train

18 Current_time

19 Current_date

20 Current_route

21 Current_origin

22 Current_destination
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Table 3: Description of the data vector. NC is the number of different
vectors that appear in the corpus. PNC is the potential number of com-
binations that could exist. AvgO is the average number of occurrences
of each different vector that appears. Avg10 indicates the number of
combinations that appear at least 10 times

Data Vector NC PNC AvgO Avg1O

Attributes 445 222 14.1 65

Frames 94 210 66.77 33

Attributes-Frames 1433 232 4.38 101

Table 4: Number of labels combining the annotated turns (3-level and
2-level labellings) with data vectors (attributes and frames). #Labels
indicates the number of labels with the combination of data vector and
#SLabels and #ULabels indicates the number of labels for system and
user turns respectively.

Attributes Frames 3-levels 2-levels

#Labels #ULabels #SLabels #Labels #ULabels #SLabels

N N 957 742 215 201 130 71

Y N 2703 2486 215 1863 1792 71

N Y 1809 1594 215 730 659 71

Y Y 3598 742 215 2937 2866 71
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Table 5: The percentage of different dialogues that end properly for
100000 simulated dialogues using unsegmented turns. The first value
of each cell corresponds to dialogues using the first smoothing tech-
nique and the second one to dialogues using the Good-Turing dis-
counting strategy.

Attribs Frames Percentage of different dialogues that end properly

2-grams 3-grams 4-grams

N N 71.80/69.58 57.57/65.11 36.51/56.28

Y N 80.40/72.16 25.24/63.39 9.66/58.68

N Y 79.10/73.68 38.17/65.94 14.71/59.28

Y Y 81.64/73.84 8.77/65.39 2.60/62.43

There are no clear generally agreed criteria for evaluating the quality of artificially
generated dialogues, but some simple preliminary measures can be used to see if a
dialogue is not valid. A necessary condition, but not sufficient, for a ‘good’ dialogue
is that it ends properly (user emits (U:Closing: Nil: Nil) label and system
replies with (M:Closing: Nil: Nil) label). We are also interested in not emitting
duplicated dialogues. Another way to see the quality of the generated dialogues, is to
check how many of the dialogues from the original corpus are re-generated. Additionally
minimum edit distance can be calculated for each of the dialogues generated (only
for these that end properly) compared with the original corpus (900 dialogues). (Edit
distance is a commonly used method of comparison between two sequences of items. It
counts how many items in one sequence would need to be deleted, inserted, or replaced
to make it identical to the other sequence.)

2.5.2 Unsegmented turn experiments

In this section, the results that are presented have been obtained using unsegmented
turns. That is, all the whole turn is generated in each step.

Experiments were done using three-level labels, and 100000 (100K) dialogues were
generated, using the two different smoothing methods previously explained. All combi-
nations of data state have been explored. We have the results shown in Table 5.

Analyzing only these generated dialogues that are different (not repeated) and end
properly, Table 6 show the statistics that are obtained.

2.5.3 Segmented turn experiments

Experiments in this section have been performed using as the unit of generation individ-
ual DAs, that are obtained via the segmentation of the turns. Experiments were done
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Table 6: The average length and standard deviation (in turns) for the
different dialogues. Again, in each cell the first two values are the
average and standard deviation for dialogues obtained using the first
smoothing technique and the second two values using Good-Turing
discounting strategy.
Attribs Frames Avg. length and standard deviation (in turns)

2-grams 3-grams 4-grams Orig

N N 12.34(12.88) 13.85(14.24) 15.67(16.00) 14.95

/12.34(13.08) /12.72(13.47) /12.76(13.54) (15.86)

Y N 12.18(12.69) 15.49(15.82) 16.10(16.43) 14.95

/11.83(12.65) /12.51(13.37) /12.38(13.27) (15.86)

N Y 12.17(12.69) 14.92(15.30) 15.67(16.01) 14.95

/12.01(12.80) /12.50(13.30) /12.51(13.35) (15.86)

Y Y 11.92(12.41) 15.76(16.12) 15.31(15.71) 14.95

/11.19(12.04) /11.86(12.77) /11.74(12.65) (15.86)

Table 7: The average minimum edit distance and standard deviation
from the original corpus (in turns). In each cell, values for dialogues
using the two different smoothing techniques are separated by /.

Attribs Frames Avg. min. edit distance and st. dev.

2-grams 3-grams 4-grams

N N 5.49(6.10) 5.30(5.79) 5.09(5.56))

/5.38(6.10) /5.49(6.22) /5.58(6.35)

Y N 4.99(5.51) 5.11(5.57) 4.33(4.87)

/5.39(6.16) /5.47(6.24) /5.50(6.29)

N Y 5.13(5.68) 5.21(5.70) 4.39(4.91)

/5.34(6.08) /5.37(6.13) /5.43(6.22)

Y Y 7.78(5.29) 4.38(4.97) 2.85(3.67)

/5.34(6.13) /5.44(6.25) /5.43(6.25)
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Table 8: Percentage of the original corpus generated in this 100k di-
alogues. In each cell, values for dialogues using the two different
smoothing techniques are separated by /.

Attribs Frames Percentage orig. corpus generated

2-grams 3-grams 4-grams

N N 3.22/4.44 16.44/7.22 37.00/5.11

Y N 5.22/4.33 49.22/4.22 66.55/3.77

N Y 5.22/4.44 30.22/7.00 51.66/5.44

Y Y 6.440/3.66 60.22/4.44 66.22/2.55

Table 9: The percentage of different dialogues using segmented turns
that end properly. In each cell, values for dialogues using the two
different smoothing techniques are separated by /.

At Fr Percentage of different dialogues that end properly

2-grams 3-grams 4-grams 5-grams 6-grams

N N 83.82/84.33 88.12/87.51 84.32/86.62 79.52/84.45 59.01/82.54

Y N 84.14/81.02 82.55/82.15 65.47/80.92 52.94/80.08 17.18/80.41

N Y 85.65/84.53 86.57/86.38 76.31/84.86 64.65/82.95 29.69/82.761

Y Y 83.97/77.38 78.93/78.79 55.32/77.89 42.47/77.70 6.22/77.61

using three-level labels, and 100000 (100K) dialogues were generated. Several values
of n for the n-gram have been explored and for each set-up, two different smoothing
techniques have been used. In the first one, as described earlier, models were not
really smoothed: if there was not any n-gram with a particular history, the n is simply
decreased by one. At the second one, backoff using the Good-Turing discounting strat-
egy has been used. Additionally, different combinations of the data state have been
explored. We have the results shown in Table 9.

Analyzing only these generated dialogues that are different (not repeated) and end
properly, the statistics shown in Table 10 are obtained.

2.5.4 System turn prediction

A second set of experiments were done to see if models can predict the behaviour of
the system turn. They were only done for system turns (unsegmented turns) and we
studied the influence of the data vector, which occur only in user turns. Basically, the
experiments were done for each dialogue of the test set and each system turn of the
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Table 10: The average length and standard deviation (in turns). In each
cell, values for dialogues using the two different smoothing techniques
are separated by /.

At Fr Avg. length and stand.deviation (in turns)

2-grams 3-grams 4-grams 5-grams 6-grams Orig

N N 14.23(15.91) 14.29(15.55) 14.67(15.66) 14.77(15.53) 15.68(16.36) 14.95

/13.53(15.24) /13.94(9.32) /14.30(9.68) /14.70(10.21) /15.03(10.64) (15.86)

Y N 12.94(14.30) 13.73(14.69) 14.99(15.79) 15.30(15.96) 17.36(18.09) 14.95

/10.44(11.77) /11.91(13.51) /12.07(13.72) /12.22(13.91) /12.35(14.07) (15.86)

N Y 13.80(15.32) 14.07(15.10) 14.56(15.37) 14.76(15.43) 16.44(17.15) 14.95

/12.09(13.65) /13.13(14.76) /13.38(15.09) /13.70(15.51) /13.70(15.51) (15.86)

Y Y 12.97(13.72) 13.64(14.63) 15.01(15.81) 15.44(16.14) 17.30(18.15) 14.95

/9.09(10.15) /10.18(11.50) /10.31(11.67) /10.39(11.76) /10.44(11.84) (15.86)

Table 11: The average minimum edit distance and standard deviation
from the original corpus (in turns). In each cell, values for dialogues
using the two different smoothing techniques are separated by /.

Attribs Frames Avg. min. edit distance and st. dev.

2-grams 3-grams 4-grams 5-grams 6-grams

N N 8.36(9.54) 7.60(9.32) 7.33(9.68) 6.90(10.22) 6.86(10.65)

/8.07(9.54) /7.94(9.32) /8.23(9.68) /8.67(10.22) /9.04(10.65)

Y N 7.22(7.49) 6.82(8.35) 7.08(8.58) 6.70(8.82) 6.71(8.95)

/6.43(7.48) /7.09(8.35) /7.27(8.58) /7.46(8.82) /7.57(8.94)

N Y 7.85(8.53) 7.10(8.90) 6.89(9.23) 6.53(9.70) 6.57(9.73)

/7.24(8.54) /7.55(8.91) /7.80(9.24) /8.17(9.70) /8.21(9.74)

Y Y 6.89(6.67) 6.77(7.37) 6.98(7.53) 6.61(7.61) 6.07(7.67)

/5.84(6.68) /6.34(7.36) /6.46(7.53) /6.54(7.61) /6.58(7.67)
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Table 12: Percentage of the original corpus generated in this 100k
dialogues. In each cell, values for dialogues using the two different
smoothing techniques are separated by /.

Attribs Frames Percentage orig. corpus generated

2-grams 3-grams 4-grams 5-grams 6-grams

N N 2.77/2.55 4.77/4.00 8.77/5.11 13.33/5.00 33.00/3.55

Y N 2.77/1.44 7.44/3.22 19.44/3.00 29.00/2.88 81.44/2.33

N Y 3.00/2.44 5.77/3.88 13.55/4.11 24.66/3.22 64.88/3.11

Y Y 3.00/1.44 8.11/2.22 23.77/2.33 33.44/2.11 92.00/1.66

Table 13: Average of the percentage of correctly predicted system
turns for cross-validation experiments.

Attributes Frames 3-levels 2-levels

2-grams 3-grams 4-grams 2-grams 3-grams 4-grams

N N 36.2 36.0 33.6 49.4 51.3 49.5

Y N 29.5 28.6 27.9 46.7 46.0 44.7

N Y 33.6 32.8 32.3 49.6 49.9 48.0

Y Y 24.5 24.1 22.5 42.9 41.8 39.7

dialogue, the intention being, given the real history, to try to guess the following turn. The
formula to predict the turn is: arg maxsi∈Σ Pr(Si|Ui−1, Si−2), where Σ is the set of possible
system turns. This formula is only for 3-grams, with equivalent ones for different n-grams
when n 6= 3.

Cross-validation experiments using 5 partitions were performed, obtaining the results
shown in Table 13 in accuracy for 3-level and 2-level labellings.

2.5.5 Some implementation details

Generally, in experiments where state information has been used (when the vector of
data is available) this value was added at the end of the original turn as if it was another
dialogue label. Therefore, for implementation details, some of the n-grams will include
also the state information (all the user turns but not most of the closing ones).

The toolkit that was used to calculate the n-grams is the CMU-Cambridge Statistical
Language Modelling Toolkit v2 [2].
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2.6 Discussion

In this work some experiments of dialogue simulation using n-grams have been per-
formed, testing two different ways of dealing with the data. On the one hand indepen-
dent dialogue acts have been used as units of the n-grams. On the other hand, each
whole turn forms the unit of the n-gram by itself. Additionally, information of data state
has been also used to contribute to the knowledge representation of the model.

It is known that statistical models such as n-grams need a large amount of data
to estimate properly their parameters. The larger the size of vocabulary the less the
number of samples per class and the worse the estimation of the models. As we are
always limited by the small size of the corpus (900 dialogues), models with whole turns
with data state, where there are a lot of combinations (3598 words with the most complex
information state), will be worse estimated than these ones formed by DAs as words and
less information in data state (248 words without any information state). This effect can
be clearly seen as we compare the number of dialogues that end properly (Tables 5 and
9 ). Another important consequence of using independent DAs as units of n-gram is that
we need to use a large n for giving information of previous turns, because many turns
are composed by several DAs.

However, the most similar simulated dialogues to the original corpus have been ob-
tained using the models with more knowledge information sources, (see Tables 8 and
12). This feature may be seen positive, because we want to obtain similar data to the
original one as we know that they are real dialogues, but we do not want identical dia-
logues. Otherwise, these models with data state do not help to improve the prediction
of system turns (Table 13).

Finally, we cannot definitely state which models are better for simulating dialogues
as we think the results and evaluation measures are not completely discriminative. Nev-
ertheless, we believe that there must be a trade-off between the size of vocabulary
(combinations of labels) and the sources of knowledge information used.

2.7 Future work

As in other works that address the same problem, an evaluation criteria that measures
the failure or success of the generated dialogues at the specific task (giving information
about train times and fares) must be used.

Other important factor to check the quality of the proposed models is to use them
as training data for some Reinforcement Learning technique aimed at learning a policy
for a MDP or POMDP. Then, these models can act as the system agent and the n-gram
models act as the user agent.

Last but not least, extension of these experiments to other corpora is needed, and
especially to the Companions corpus. A part of this corpus has only recently become
available to us: when the experiments reported here were being carried out the the
acquisition of the Companions corpus was still in progress. At the present moment
some dialogues are transcribed but not yet accurately annotated at the dialogue level.
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From them, it is possible to see what kind of dialogues we are going to work with.
They seem to be as long as Switchboard ones [10] (in terms of number of turns per
dialogue). However, they are also initially going to be task limited with a defined set of
attributes (photographer, people who appear in the photographs, place, time, etc) which
makes them more similar to some task orientated corpora such as Communicator [23]
or Dihana.

3 MDP

3.1 Definition

A Markov Decision Process, as we saw briefly in the introductory section, models the
synchronous interaction of an agent with a world, providing a mathematical framework
where the output of the agent (actions) depends on the state of that world.The effects
of the agent’s actions are uncertain, but not the current state of the world, which in the
MDP framework is always unique and known. Formally, MDPs are characterized by the
tuple

• S is the state space which describes the state of the world.

• A is the action space, the possible decisions that the agent may take.

• T : S × A defines the probability of state transitions, i.e. that action a ∈ A in state
s ∈ S at time t will lead to state s′ ∈ S at time t + 1, Pr(st+1 = s′|st = s, at = a).

• R defines the expected (immediate, real-valued) reward for performing action a in
state s, r(s, a).

According to these definitions, the probability of a state transition only depends on the
previous state and the action performed at this stage. This is called the ‘Markovian
property’. Markov systems have no ‘memory’ of previous states (although a limited
memory effect can often be achieved by enlarging the state space.)

Pr(st+1 = s′|st = s, at = a) =

Pr(st+1 = s′|st = s, at = a, st−1 = s′′, at−1 = a′′, ..., s0 = s′′′, a0 = a′′′)

The goal of the agent is to choose actions which fulfill its task as well as possible. A
policy is a function, π : S → A, that specifies, for each state an action to be taken, if the
strategy is deterministic. Therefore, we need to find the optimal policy π∗(s) that selects
the best action (the one that will optimize the long-term reward) to perform at each state
s.

For achieving this objective, we need to measure the long-term reward received.
Considering an infinite lifetime for the agent, we can use the value function, Q (function
of state-action pairs that estimate how good it is to perform a given action in a given
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state). Qπ(s, a) is the state-value function for a policy π and indicates the expected
return starting from s, taking action a and after that following policy π.

Qπ(s, a) = Eπ{Rt|st = s, at = a} = Eπ{
∞

∑

k=0

γkrt+k+1|st = s, at = a}

where γ, 0 ≤ γ ≤ 1, is a geometric discount factor that is used to penalize rewards
received by future actions. The further ahead the action is performed the smaller the
reward taken account of to estimate the Q function.

There are exact solutions to the problem of computing an optimal policy, but they
become intractable for MDPs with more than a few states. There are however various
reinforcement learning methods for finding approximations to optimal policies π∗, that
can be derived from the optimal value function, Q∗. They are usually based on trial-and-
error search and estimating these delayed rewards.

3.2 Q-learning algorithm

The Q-learning [19] is a reinforcement algorithm that directly approximates Q∗, the opti-
mal action-value function , independent of the policy being followed. Its simplest form is
defined by:

Q(st, at)← Q(st, at) + α[rt+1 + γ max
a

Q(st+1, a)−Q(st, at)]

The Q-learning algorithm goes as follows:

I n i t i a l i z e Q(s, a) a r b i t r a r i l y
Repeat ( f o r each episode ) :

I n i t i a l i z e s
Repeat ( f o r each step o f episode ) :

Choose a from s using p o l i c y der ived from Q
Take ac t i on a , observe r , s′

Q(s, a)← Q(s, a) + α[r + γ maxa′ Q(s′, a′)−Q(s, a)]
s← s′

u n t i l s i s t e rm ina l

The algorithm assumes that meaningful rewards are associated with transitions to
final states (e.g. 100 for a successful ending, -100 for failure). All other transitions have
some other value, typically zero. The effect of the Q-learning algorithm is to gradually
spread the rewards backwards through the transitions until the distribution becomes
stable (i.e. no further changes happen, or changes fall below some threshold.)

4 SDS-MDP

We can specialize the MDP framework in order to model a task-oriented spoken dia-
logue system (SDS). At each dialogue turn t the dialogue manager has to choose an
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action at (speech/dialogue act) according to its current policy π and its internal state st,
trying to achieve its predetermined task. The dialogue state is built in such a manner as
to reflect the amount of information that the system has at this moment. Following the
action will be an update to the next state st+1. A more completed and detailed example
for a spoken dialogue system using MDPs will be shown in the next section.

4.1 Previous work

In the last ten years, there have been many attempts to model a spoken dialogue system
as a MDP, for instance [12, 18, 15]. Moreover, some hybrid models have been devel-
oped, [7], in which reinforcement learning and supervised learning have been applied
to find an optimal policy, tasks such as the flight booking domain.

For dialogue optimization on large spaces, multiple Semi-MDP [20] and hierarchical
reinforcement learning methods [3] have been proposed. They are based on decom-
posing the dialogue manager into sub-tasks.

Finally, there are other systems that use reinforcement learning as Elvis [18] and
NJFUN, [22]. In the first project, an agent for real time spoken language access to email
from phone was developed. They applied Q-learning to try to compute the utility of the
actions in a given state. In NJFUN, the telephone system provides information to the
user about activities in New Jersey. A reward function, with positive values for actions
that help to fulfill the task, is used for the MDP.

5 A DS-MDP for a train information task

We carried out an experimental implementation of a Dialogue System in the MDP frame-
work using the Dihana corpus already mentioned. An extended explanation of the prop-
erties of this corpus was given earlier in the section on dialogue simulation. We will
explain in detail how we model a Dialogue System using a MDP, using the components
previously defined.

5.1 Components

States (S). We can define the states in two different ways:

• formed by combining DAs performed in the last user turn with the vector of
data information available at this moment (see SECTION X). Using this defi-
nition of state, there are 2733 distinct states observed in the corpus, e.g. en-
coded state 100_156_1184063, corresponds to the situation of dialogue when
user has performed in the last turn the following DAs:
(U:Afirmation:Departure-hour,Train-type:Nil),
(U:Question:Departure-hour,Train-type:Nil) and the data
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state is 1184063 that in binary is 0100100001000100111111, where 1 indicates
that there is the presence of a slot-filling piece of data. There will be also
the possibility that this state is formed by the second part of data vector or
combining with the first.

• formed only by data information that is available at the moment. With this
definition there are 446 states. e.g 1184063.

Actions (A), formed by DAs performed in the system turn. There are 215 distinct ac-
tions, e.g. _37_60_40 that corresponds to (S:Waiting:Nil:Nil),
(S:Answer:Price:Clase,Price), (S:Consult:Nil:Nil)

Transition function (Pr(si+1 = s′|si = s, ai = a)), function that defines the probability to
move from a specific state that dialogue is at a moment i to a new state at the
moment i + 1 by performing action a. We estimate it in the following way:

#(s, a, s′)/
∑

s′′

#(s, a, s′′)

where #(s, a, s′) is the number of times that from state s has moved to state s′

when appears action a. This function can be non-deterministic, for example, using
the first definition of state, from state 101_1048831, when action 23 appears, the
dialogue moves to state 114_225_3145983 once and twice to state 161_1048831.
Then, Pr(si+1 = 114_225_3145983|si = 101_1048831, ai = 23) = 1/3 and Pr(si+1 =
161_1048831|si = 101_1048831, ai = 23) = 2/3

Initial states this set is composed by the states that appear at the beginning of the
dialogue, as our model starts with a user turn (dialogues really always start with
the same deterministic system turn). This set is needed by the algorithm used to
estimate the value function.

Reward function (E(ri+1|si = s, ai = a, si+1 = s′)), is the expected value of the next
reward when at state s is performed action a and the next state is s;. The way to
estimate it is explained in the following section.

5.2 Implementation of Q-learning algorithm

The general algorithm was explained in the previous section. Here we will go into some
specific details of the implementation showing some practical examples.

1. r(s, a, s′) is initialized in the following way:

r(s, a, s′) =

{

X if s′ is a final state
0 if s′ is not a final state

where X > 0. Only the r(s, a, s′) where (s, a, s′) appears in the corpus will have a
value: the rest are not defined. E.g. in our corpora, all the values r(s, a, s′) = 0 but
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not r(105_− 2, 1,−1_− 2), r(106_− 2, 1,−1_− 2), r(106_− 2, 1,−1_− 2), r(97_−
2, 1,−1_ − 2), r(−1_ − 2, 1,−1_ − 2) than are equal to 100. 105 corresponds to
(U:Closing:Nil:Nil), 106 is (U:Undefined:Nil:Nil), 97 is
(U:Afirmation:Day:Nil), the state of data vector−2 corresponds to a special
final state and −1 is a special final DAs that indicates the end of dialogue.

2. Initialization of Q(s, a) = 0.0,∀s,∀a, selection of γ (e.g. γ = 0.9) and number of
dialogues (episodes) to perform (e.g 50.000).

3. For each episode, a starting state s is selected randomly between the possible
initial states (e.g s = 106_255)

4. Repeat (until we get to a final state -e.g. final state in our model is −1_− 2-):

• an action a and state s′ are randomly selected from all (s, a, s′) that appears
at corpus. (e.g. a = 21s′ = 101_255)

• estimation of α = 1/(visits(s, a)+1), where visits(s, a) is the number of times
that state s and a have been visited. Later ‘visits’ is updated visits(s, a) +
+.(e.g. alpha = 1/(1+visits(106_255, 21)) = 1/1(1+0) = 1visits(106_255, 21)+
+ = 2)

• maximum value of the state-value function is selected from current values
of Q and starting from the new state achieved s′. m = maxa′ Q(s′, a′) (e.g.
m = max(Q(101_255, 41)) = 0, in this example there is only this transition)

• Q is updated as follows:

Q(s, a) = (1− α) ∗Q(s, a) + α(r(s, a, s′) + m)

(e.g. Q(106_255, 21) = (1− 1)Q(106_255) + 1(r(106_255, 21, 101_255) + 0) = 0

5.3 Experiments

Evaluating the performance of a Dialogue System is always a complicated task. For
this reason, following the previous implementation, some preliminary experiments have
been performed, using different configurations for states.

• the MDP models have been tested in the task of prediction of the next system
turns, using real data (the Dihana corpus). Experiments using cross validation
with 80% training and 20% test have been perfomed and the results have been
compared with smoothed n-gram models. For each user turn the system turn with
the highest reward for MDP and the one with highest probability for n-gram was
chosen using information acquired in previous turns. In both models (n-grams and
MDP) this previous information is gathered from the real corpus data. For these
models, states were a combination of DAs and data information that is composed
by attributes and frames, see in 2.
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Table 14: Average of the percentage of correctly predicted system
turns for cross-validation experiments.

Attributes Frames 2-grams 3-grams 4-grams MDP

Y N 29.5 28.6 27.9 22.87

N Y 33.6 32.8 32.3 22.65

Y Y 24.5 24.1 22.5 23.11

5.4 Discussion and future work

A Markov Decision Process Model has been developed to work as a dialogue manager.
The distributions of the model were estimated from real data using the Q-learning al-
gorithm. Different combinations of representation of the knowledge information (data
state) were used.

A preliminary cross-validation experiment of the evaluations have been performed
trying to predict the system’s turn. Results have been compare with n-grams models.
Clearly, the MDP models are in disadvantage with 3-grams and 4-grams models be-
cause they use a longer history than the MDP model (only previous turn). Additionally,
the robustness and the smoothing of the n-grams can be the reason for their superior
performance.

Future work on this must include a more exhaustive evaluation of the models. Pre-
vious approaches have commonly compared the average reward function of the policy
obtained using RL techniques with one hand made policy [24]. However, for doing this
experiment automatically, the user can be simulated using of the techniques described
previously.

It is important that this probabilistic model be integrated in a dialogue system pro-
totype in the near future. In this framework it will then be possible to evaluate by real
users, that is one of the principal criticism that some experts [14] have about this Re-
inforcement Learning models applied to dialogue systems. Additionally, more powerful
models such as POMDP can be also used. The main problem will be estimate the large
number of parameters that these models have.

6 Integrating Decision Theoretic Mechanisms into the
Senior Companion Demonstrator

In previous sections we have described the current state of the art in using decision
theoretic mechanisms to make dialogue decisions. However, the vast majority of this
work has been concerned with simple task-oriented dialogues in which a fixed number
of pieces of information - e.g. time and date of travel, origin city, destination city - are re-
quired from the user in order to send a request to a database and successfully complete
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the dialogue. The dialogues that the Senior Companion demonstrator are intended to
deal with, however, differ from these in various ways. It is true that one aspect of the
dialogues (as seen in the Companions corpus) is concerned with gathering information
(SC) about particular photographs (e.g. who is in the picture, where was it taken, etc.)
and thus can be seen as a type of task-oriented dialogue, but the conversation can also
vary topic, e.g. by retrieving news items relevant to the current discussion, or in an in-
tended extension, by retrieving other kinds of relevant information from the web. Thus
the techniques we have been discussing may need adaptation and elaboration, if this
is possible, for us to incorporate them into the demonstrator. In this section we sketch
ways in which this might be approached.

6.1 Dialogue Action Frames (DAFS)

In the SC demonstrator the dialogue mechanism is based on Dialogue Action Frames
(DAFs) [1, 5]. An example of a DAF is shown in Figure 7. Individual DAFs are described
as a form of Augmented Transition Network, i.e. a Recursive Transition Network (RTN)
with arbitrary tests to enable transitions between states. Tests are usually based on
some property of the user input. As well as a test, there is an action associated with
each transition. Actions can result in the system producing an utterance, or advancing
the dialogue state in some other way, or an action can invoke another DAF, pushing
the next state onto a stack so that control returns to this state when this other DAF is
completed. This is the recursive part of an RTN. Also associated with each transition is
a priority score, ranging between 0, the default, and 10. If in a particular state there is
more than one possible transition going out (i.e. more than one test returns ‘true’) this
score is used to decide which transition to take. Notice that this already constitutes a
simple kind of decision theory mechanism, although it is hand-coded, and the priorities
are fixed ahead of time instead of being able to change in response to the progress of
the dialogue.

As an informal illustration, consider the task-oriented component of the current SC
dialogues: obtaining information about photographs. There will be a ‘photo’ DAF which
will contain arcs corresponding to the subject, date, and location of the photograph.
Each of these arcs will invoke more specialised DAFs ‘ask for subject’, ‘ask for date’ etc.
These DAFs may of course also form components of other DAFs on different topics.

As well as DAFs having the ability to invoke other DAFs, the whole process is gov-
erned by a Control Structure which takes care of the stack mechanism, and also checks
at every utterance for a possible change of topic. This is currently done by looking for
keywords associated with individual DAFs: if these keywords indicate that the current
DAF is not the most appropriate one, control is switched to that associated with the
keywords.
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Figure 7: General DAF for validity checking (from [1])
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6.2 The Integration of Decision Theoretic Mechanisms in the DAF
Dialogue Manager

How could we incorporate some decision theoretic mechanisms into a DAF-based di-
alogue manager? We pointed out that the ‘priority score’ is already a simple, hand-
coded, form of decision mechanism. So one possibility would be to try to assign these
scores automatically as the result of some overall policy optimisation mechanism, like
Q-learning. Of course, to do that, we would need training data, real or simulated. Fur-
thermore, there is a technical issue to be resolved: Q-learning in the context of MDPs,
or other mechanisms that are effectively finite state, is well understood. But RTNs are
not finite state: taking a transition can involve entering and then exiting a subnetwork,
perhaps recursively. In this situation it is not clear that a reward can be consistently as-
signed to a transition which invokes a subnetwork, because the effects may be different
each time this transition is taken. Perhaps an alternative would be for each subnetwork
to return the total reward accrued while it is being traversed: this would be the (variable)
reward associated with the relevant transition. But then an adjustment would have to be
made to the Q-learning algorithm so that these transitions could be correctly handled
during the learning phase.

At present, we have only a small amount of SC training data: probably not enough
to be able to build a user model and therefore generate simulated dialogues. An al-
ternative, therefore, ignoring the RTN complication for the time being, is to start with
hand-assigned priority scores, and to adjust them using a version of an on-line rein-
forcement learning procedure ([21]) while the dialogue system is actually in use. One
way of implementing this would be as follows. It assumes that there is some way of
evaluating a state: in Q-learning, this evaluation function (E) would be the reward as-
sociated with the highest valued transition out of that state, but it could in principle be
almost any property of that state.

In state X, choose the action A with the highest priority score S, go to the
indicated state Y, and get an immediate reward R. Update the priority score
of A according to a version of the temporal difference learning rule:

Priority(A)← Priority(A) + α(R + γE(Y )− Priority(A))

where γ is between 0 and 1 and is the usual discounting function for future
actions and α is a positive learning-rate parameter.

Choosing an action A is, in our context, producing the next system utterance, and
getting an immediate reward we can associate with some property of the next user
utterance. States are states of the DAF. There are various choices for E and R: perhaps
the simplest would be to use the Q-learning rule for E (i.e. the value of highest priority
score out of that state). Possible choices for R might include the information content of
the utterance (does it fill a slot needed for our task?), or some measure of the ‘positivity’
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of the user towards the entities referred to, or a measure of the emotional state of the
user (happy, sad) as suggested by the utterance. Of course, when this kind of online
reinforcement learning mechanism is usually used (e.g. in robotics) it is assumed that
there will be many thousands of experiences leading eventually to a rational overall
allocation of priority scores. It is not clear how well in practice the mechanism might
perform with fewer numbers of trials.

It is easier to see how to add a similar decision theoretic step to the Control Structure.
This currently checks each utterance to see whether a change of topic has occurred. It
would be easy to extend the range of properties that were checked: for example, if it is
possible to detect the emotional state of the user, that would again be useful information
that might also suggest a change of topic, or a change of register. Similarly, detecting
‘sentiment’ strongly positive or negative attitudes towards an entity referred to during the
dialogue might trigger a change of topic. Knowing how confident the speech recogniser
or the natural language processing component of the dialogue system was about the
input just processed would also be useful: low confidence would increase the value of
confirming or checking. However, it is less easy to see how an online reinforcement
learning method could be applied here, since there is no clear notion of a change of
state, unless we regard ‘being somewhere in DAF X’ and ‘changing to DAF Y’ as states.
Nor is there a clear notion of reward, unless it can be immediately detected whether
changing the topic was the right thing to do. If it is possible to do both of these things,
then we could use our online reinforcement learning method to induce a what would
effectively be a Markov Decision Process whose states corresponded to whole DAFS.
Alternatively, it might be simpler to just treat this as a probabilistic choice, conditioned
on these various parameters:

P (changetopic | keywords, sentimentscore, emotionalscore)

The probabilities could be initially estimated and then refined online in the light of
experience.
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