A Statistical Approach to Spoken
Language Understanding

Yulan He
New Hall College
University of Cambridge

A thesis submitted to the University of Cambridge for the degree of
Doctor of Philosophy

August 2004


ThesisFigs/UnivShield.eps

I would like to dedicate this thesis to my parents who love me, support me for

so long and my husband who is always there for me



Declaration

This dissertation is the result of my own work and includes nothing which is
the outcome of work done in collaboration, except where stated. It has not
been submitted in whole or part for a degree at any other university. The
length of this dissertation including footnotes does not exceed 65000 words

and it contains 34 figures.



Acknowledgements

First and foremost, my gratitude goes to my supervisor, Steve Young, for his
guidance, patience, and tremendous support throughout my PhD course in
Cambridge. Without his invaluable advice, it would not have been possible for

me to complete the PhD studies in three years.

I would like to thank my departmental colleagues, Andrew Liu, Lan Wang,
and KK Ye for their help, encouragement and sharing happy hours during

lunchtime and afternoon tea breaks, which made my stay here pleasant.

Thanks are also due to Gunnar Evermann, Do Yeong Kim, Phil Wooland,
Mark Gales, Patrick Gosling, and Anna Langley for assistance with the HTK
Toolkit, advice on my project, and help on various aspects of the group’s

computer systems.

I would also like to thank my parents and my husband for loving me, for

supporting me, and for encouraging me to be the best I could be.

Finally, I am grateful to the Nanyang Technological University, Singapore, for

sponsoring my studies.



Summary

The development of spoken dialogue systems currently rely on computational linguists
to define semantic grammar rules, to produce templates for appropriate response genera-
tion, to build the lexicon, etc. Reducing this need for manual processing and automating
the whole process as much as possible are thus essential steps to reducing development
costs and improving robustness. The research work described here focuses on statisti-
cal learning approaches for building a purely data-driven spoken language understanding
(SLU) system whose three major components, the speech recognizer, the semantic parser,
and the dialogue act decoder are trained entirely from data. The system is comparable
to existing SLU systems which rely on either hand-crafted semantic grammar rules or
statistical models trained on fully-annotated training corpora but it has greatly reduced
build cost.

The core of the system is a novel hierarchical semantic parser model called a Hidden
Vector State (HVS) model. Unlike other hierarchical parsing models which require fully-
annotated treebank data for training, the HVS model can be trained using only lightly
annotated data whilst simultaneously retaining sufficient ability to capture the hierarchical
structure needed to robustly extract task domain semantics.

The HVS parser is combined with a dialogue act detector based on Naive Bayesian
networks which have been extended and refined by introducing Tree-Augmented Naive
Bayes networks (TANs) to allow inter-concept dependencies to be robustly modelled.

Finally, the two semantic analyzer components, the HVS semantic parser and the
modified-TAN dialogue act decoder, have been integrated with a standard HTK-based
Hidden Markov Model (HMM) speech recognizer and the additional knowledge provided
by the semantic analyzer has been used to determine the best-scoring word hypothesis
from the N-best lists generated by the speech recognizer. This purely data-driven spoken
language understanding (SLU) system has been built and tested using both the ATIS and
DARPA Communicator test sets. In addition to testing on clean data, the systems has
been tested on various levels of noisy data and on modified application domains. The
results support the claim that an SLU system which is statistically-based and trained en-

tirely from data is intrinsically robust and can be readily adapted to new applications.

Keywords: semantic parsing, hidden vector state model, dialogue act detection, tree-

augmented Naive Bayes, spoken language understanding, spoken dialogue systems.
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Chapter 1

Introduction

1.1 Spoken Dialogue Systems

In the last decade, spoken dialogue interfaces have attracted much attention in the re-
search community. One reason is that conversation or dialogue is the most natural way
for people to exchange ideas, convey information, and express feelings, etc. Another mo-
tivation is that the ideal spoken dialogue system would allow the user to interact with
the machine in natural and intuitive ways similar to human-human interaction without
learning complicated usage instructions. A large number of spoken dialogue systems have
been developed, both as research prototypes and commercial applications. Such systems
try to understand and act upon what people say.

Spoken dialogue systems can be broadly classified into three categories, the system-
initiative model, the user-initiative model, and the mixed-initiative model. The system-
initiative model assumes complete control in guiding the user throughout the interaction.
Conversely, the user-initiative model allows the user to determine his preferred course of
interaction. The former often attains high task completion rates but imposes too many
constraints on the user. The latter offers maximum flexibility to the user but has a lower
task completion rate. In order to strike the balance between these two models, the mixed-
initiative model has been widely adopted which allows both the system and the user to

influence the course of interaction.

1.1.1 Typical Architecture

Typically, a spoken dialogue system requires a speech recognizer to recognize the user’s
utterances, a semantic analyzer to interpret the meaning of the recognized utterance, a
dialogue manager to control the interaction with the user, a response generator to produce

the appropriate replies, and a speech synthesizer to construct the acoustic signals based on
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the response generated. The general architecture of a spoken dialogue system is illustrated

in Figure 1.1.

Acoustic!] User's(]
i 0 Textl i
Signald Speech(’ 1[: Semanticl! Intention’:
Recognizer!(! Analyzer!]
SQL
Query!] -
USER( Dialogue!
Manager Database!’
Answer(]
Response!! é
Speechl! (} Response’!
) Synthesizer(] Generator(
Acoustic!] System(
Signal Action_

Figure 1.1: Typical structure of a spoken dialogue system.

The usability of a spoken dialogue system relies on the accuracy of its various com-
ponent technologies, including speech recognition, natural language understanding for se-
mantic processing, local discourse handling, and speech synthesis. The work here mainly
focuses on semantic processing, which extracts meanings from recognized word strings and
infers the user’s dialogue acts or information goals based on the current input and dialogue

context.

1.1.2 Projects and Applications

Substantial research has been done in spoken dialogue systems. Among the various spoken
dialogue projects, the most influential ones include the U.S. DARPA ATIS program [1],
the European ESPRIT SUNDIAL (Speech Understanding and DIALog) project [2], and
the DARPA Communicator project [3]. From 1990 to 1995, DARPA sponsored a spoken
language understanding (SLU) program to objectively measure the performance of various
SLU systems. Different research sites [4; 5; 6; 7; 8] worked on the same domain, the Air
Travel Information Service (ATIS) [9], data for which were collected jointly by them. The
utterance understanding error rates for spoken input in the December 1994 benchmarks
range from 6.5% to 44.9% for context-independent utterances (class A). The ESPRIT
SUNDIAL project involved several sites working on the development of prototypes for train
timetable queries in German and Italian, and flight queries in English and French. All these
systems are described in [10]. More recently, the DARPA Communicator project [3] aims to
support rapid, cost-effective development of multi-modal speech-enabled dialog systems.

Members of the Communicator programme include AT&T, BBN, CMU, University of
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1.2 Semantic Processing

Colorado (CU), IBM, MIT, MITRE, and SRI, most of whom previously participated in
the DARPA ATIS programme.

Besides flight reservation or train timetable queries, spoken dialogue systems have also
been applied to call routing [11; 12], accessing personal information such as retrieving
voice mails, emails etc [13; 14], banking transactions such as paying a bill, transferring
funds between accounts [15] or querying mortgage loans [16], voice-automated trading of

stocks [17] etc.

1.2 Semantic Processing

The semantic analyzer in Figure 1.1 can be further decomposed into two modules, the
semantic parser and the dialogue act decoder, as shown in Figure 1.2. The semantic parser
maps the input word string onto a sequence of predefined semantic labels or concepts, while
the dialogue act decoder predicts the user’s goals based on the current concepts and the

dialogue state.

Acousticl Semantic Analyzem User's.

Signal Textt Concepts.! [ D -
Speech'| | D Semantic™ P D'afgliﬂeﬂ Goal
Recognizer] Parser[] |:|, >

Decoder!!

Dialogue!
Statel]

Figure 1.2: Semantic analyzer.

The outputs of a speech recognizer are normally 1-best or sometimes N-best word
string hypotheses. Traditional speech recognition approaches depend on language models
supported by semantic post-processors to eliminate linguistically invalid or semantically
meaningless sentences from the word string list. In spoken dialogue systems, the dialogue
context can be incorporated into the language models to narrow down the word string hy-
pothesis space. That is, if a certain dialogue act is expected from the semantic analyzer,
the language model should be able to predict it. Based on this, two kinds of language
models can be used in the spoken dialogue system, a context-independent language model
for the speech recognizer and a context-dependent language model for the semantic an-
alyzer. The selection of the best hypothesis may be left until the dialogue act decoding

stage.
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1.3 Limitations of Spoken Dialogue Systems

Spoken dialogue systems provide an interface between the user and a computer-based
application that permits spoken interaction with the application in a relatively natural
manner. However they cannot fully model human-human conversations due to the follow-

ing limitations:

e Spontaneous speech. Spontaneous speech is often not grammatically well-formed.
It may contain sentence fragments, self-corrections, slips of the tongue, or ungram-
matical combinations. In such cases, robust parsing is normally applied which does
not perform a complete analysis of the recognized text but instead tries to recover
chunks that can be used to extract essential items of meaning in the text. It usually

requires hand-crafted grammar rules to be defined.

e Response generation. Most dialogue systems are essentially driven by template-
filling mechanisms in which the systems try to elicit the information required to fill
a template and the system responses are often determined by what is missing or
needs to be clarified or confirmed in the template. Again, such template definitions

require significant human efforts and are difficult to maintain and adapt.

e Robustness. People’s spoken language is highly variable as different people use
different words and sentence structures to convey the same meaning. It thus remains
an open issue as to how to provide robustness for large populations of non-expert
users. If the system lexicon is kept large enough to cover every possible word, high
user flexibity may be achieved but the system accuracy will be poor. On the other
hand, if the user input is constrained, the system accuracy may be increased but

with decreased user flexibility.

e Portability. Spoken dialogue systems are highly domain-specific as they are nor-
mally designed only for particular applications. It involes high cost to port a system
to a new application domain, especially when semantic grammar rules and the design
of the dialogue strategy must be hand-crafted by the system developer. Though some
systems can modularize certain common grammar rules such as those concerning
dates, times etc, it is unavoidable in a new application to define new domain-specific
grammar rules. Therefore, less labour intensive methods of porting or adapting

systems to new domains are worth investigating.

It can be seen from the above that the development of spoken dialogue systems rely
heavily on computational linguists to define semantic grammar rules, to produce tem-

plates for appropriate response generation, to build the lexicon etc. Reducing the need
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for this manual processing and automating the whole process as much as possible are thus
of particular interest. In addition, each individual component of spoken dialogue systems
have to be integrated to produce a robust and efficient real-time system. This leads to
system refinement and optimization. One good component may often compensate the
weakness of another component. For example, a semantic parser may still be able to gen-
erate the correct meaning of an utterance even it has been recognized wrongly by a speech
recognizer. Therefore, high-performance spoken language understanding components will
eventually lead to a good spoken dialogue system. The research work here focuses on ma-
chine learning algorithms for semantic processing which is the key to the spoken language
understanding process. Two major stages of semantic processing, semantic parsing and
dialogue act detection, have been investigated and an integrated spoken understanding

system which combines robustness and low build cost has been built.

1.4 Thesis Contribution

Given the limitations of current spoken dialogue systems described in Section 1.3, it would
be desirable to develop pure data-driven or automatic learning techniques for spoken
language understanding. The contribution of this thesis work can be summarized in the

following aspects.

e A novel hierarchical semantic parser model, Hidden Vector State (HVS) model, has
been proposed and implemented. Unlike other hierarchical parsing models which
require fully-annotated treebank data for training, it is trainable using only lightly
annotated data whilst simultaneously retaining sufficient ability to capture the hi-

erarchical structure need to robustly extract task domain semantics.

e Dialogue detection using Bayesian networks has been extended and refined by intro-
ducing Tree-Augmented Naive Bayes networks (TANs) [18] to allow inter-concept

dependencies to be robustly modelled.

e The two semantic analyzer components, the HVS semantic parser and the modified-
TAN dialogue act decoder, have been integrated with a standard HTK-based [19]
Hidden Markov Model (HMM) speech recognizer and the additional knowledge pro-
vided by the semantic analyzer has been used to determine the best-scoring word
hypothesis from N-best list generated by the speech recognizer. By doing so, a purely
data-driven spoken language understanding (SLU) system has been built but with
greatly reduced build cost compared to the existing SLU systems. Moreover, ro-

bustness issues have been addressed and the results support the claim that an SLU
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system which is statistically-based and trained entirely from data is intrinsically

robust and can be readily adapted to new applications.

1.5 Data Corpora

The thesis work reported here focuses on statistical approaches which require a large
number of spoken utterances as training data. Among various well-established spoken
language databases, the ATIS [20] database has been selected for the main experimental
development, primarily because it has been used by DARPA for Spoken Language Un-
derstanding (SLU) evaluations in the Human Language Technology Workshops. Hence it
will be possible to compare the results with those of the DARPA participants. The sen-
tences in the ATIS corpus have been divided into three categories, context-independent
(A), context-dependent (D), or unanswerable (X). The research here will mainly focus
on category A sentences. Besides the ATIS corpus, the more recent and more complex
DARPA Communicator task [21] which contains hotel reservation, car rental in addition
to flight information has also been used for natural language understanding evaluation.
More detailed descriptions of both the ATIS and DARPA Communicator corpora may be
found in Section 3.5.2.

1.6 Thesis Overview

This chapter has briefly described semantic processing in spoken dialogue systems and
the limitations of existing systems which motivate the research on pursuing automatic
learning techniques to perform spoken language understanding. The rest of the thesis is
organized as follows.

Chapter 2 presents a literature survey of the work conducted in the relevant areas,
which includes semantic parsing, dialogue act decoding, and adaptation of statistical mod-
els. The advantages and disadvantages of the various techniques are compared.

Chapter 3 discusses the Hidden Vector State (HVS) model in detail and presents
the mathematical framework. It also explains how the HVS model can be trained from
minimally annotated data. An experimental evaluation using both the ATIS and the
DARPA Communicator Travel tasks is presented.

Chapter 4 discusses dialogue act detection using Tree-Augmented Naive Bayes (TAN)
networks. Training of TAN networks is first described followed by network inference
using the Probability Propagation in Trees of Clusters (PPTC) algorithm. The system

performance is compared with the baseline systems using Naive Bayes and neural networks.



1.6 Thesis Overview

Chapter 5 described an integrated spoken language understanding (SLU) system which
consists of three major components, a speech recognizer, a HVS model-based semantic
parser, and a TAN-based dialogue act decoder. The overall end-to-end spoken language
understanding evaluation results on the ATIS corpus are reported. In addition, robust-
ness issues of the SLU system have also been addressed, where two aspects of the system
performance have been investigated: noise robustness and adaptability to different appli-
cations.

Finally, Chapter 6 summarizes the work reported throughout this thesis and identifies

several potential areas for future research.



Chapter 2

Related Work

This chapter gives a survey of existing research work presented in the literature on se-
mantic processing, with emphasis on statistical approaches. Section 2.1 describes general
requirements and design of statistical models for semantic analysis. Various techniques
used in the two major stages of semantic analysis, namely, semantic parsing and dialogue
act decoding, are then discussed in Section 2.2 and Section 2.3 respectively. As semantic
parser adaptation has also been investigated in this research, some existing adaptation

techniques on parser and language modelling are presented in Section 2.4.

2.1 Semantic Processing

This section gives the definition of semantic processing upon which this research frame-
work is based. It also describes how semantic processes can be modelled using statistical

approaches.

2.1.1 General Requirements

In the simple task oriented spoken dialogue systems which form the focus of this work,
each user utterance is converted to a dialogue act containing a set of attribute-value pairs
such as
REQUEST=flights, FROMLOC=Boston, TOLOC=Denver, etc

The goal of the semantic processing component is to annotate each natural language
input so as to allow these attribute-value pairs to be extracted by a simple deterministic
task-independent process. In the work reported here, such extracted semantic knowledge
are stored in structures called frames which consist of a name of an entity and relations
represented by attribute-value pairs called slots. For the above example, its corresponding

frame structure is:

Frame: flights
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Slots: FROMLOC=Boston, TOLOC=Denver, etc

A particularly simple form of annotation results from mapping each word w in an
utterance W into a single discrete concept c. For example, the utterance

List flights from Boston to Denver
might be encoded as

DUMMY (List) FLIGHT(flights) FROMLOC(from) CITY(Boston)

TOLOC(to) CITY(Denver)
where FLIGHT, FROMLOC, and TOLOC are semantic concepts(tags) and irrelevant input words
such as “list” are mapped into the DUMMY tag and subsequently discarded. This is the flat
concept model. Although it works surprisingly well on simple tasks, one obvious drawback
of the model is that it cannot directly represent hierarchical dominance relationships and
hence in the example above, the role of Boston can only be inferred from its proximity
to FROMLOC. The mapping of the annotation to the attribute-value pair FROMLOC=Boston
requires heuristics which quickly break in the face of more complex nested sentence struc-
tures.

A more complex encoding will preserve the hierarchical structure of the sentence as in

DUMMY (List)

FLIGHT (flights FROMLOC(from CITY(Boston)) TOLOC(to CITY(Denver)))

In this case, the unambiguous extraction of the attribute-value pairs is now relatively
straightforward but at the cost of considerable additional complexity in the parser.

Given a set of semantic concepts and some pre-defined dialogue act grammar rules, the
dialogue acts can be detected by selecting the frame (or frames) which provides the best
match. Alternatively, multiple dialogue acts may be inferred using Bayesian networks or
similar classification techniques to provide a soft decision. Dialogue act detection may also
be viewed as an information retrieval (IR) or call routing problem and the same algorithms
used for IR and call routing can be applied to dialogue act decoding. Existing techniques
for dialogue act detection will be discussed in Section 2.3 in detail.

It has to be mentioned that from the viewpoint of researchers in computational linguis-
tics, dialogue acts [22] or conversational moves [23; 24] are used to model conversational
functions that an utterance can play. A dialogue act tagging scheme, Dialogue Act Markup
in Several Layers (DAMSL) [24; 25], has been developed to code various levels of dialogue
information about utterances. However, in this research, dialogue acts are analogues to

user’s intentions or information goals of an utterance.
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2.1.2 Statistical Models

The goal of semantic analysis is to convert meanings of a user’s utterance into semantic
representations and infer the user’s intentions or dialogue acts according to the extracted
meaning and existential evidence. Semantic analysis can be viewed as the problem of
finding the maximum likely user generated dialogue acts A, given a word sequence W and

the current system belief about the dialogue state Bg, i.e.

A, = argmax P(A,|W, B;) (2.1)

Ay

Assume the word sequence W is mapped into a semantic concept sequence C, then

A, = argmax {ZP(AU,CWV,BS)}
Ay C
= argmax {» P(A.|C, B,)P(C|W,B,)}
w C
~ argmax {argmax {P(A4,|C, B;)P(C|W, B;)}} (2.2)
Ay C

Equation 2.2 can be decomposed into two stages, first, solving

C = argmax P(C|W, By) (2.3)
c
and then
A, = argmax P(A4,|C, B;) (2.4)
Au

Equation 2.3 represents semantic parser process which can be implemented using Hid-
den Markov Models (HMM) or stochastic context-free grammar models as will be discussed
in Section 2.2. Equation 2.4 represents the process of finding the most likely user dialogue
act based on the decoded semantic concept sequence and the system’s belief of the cur-
rent dialogue state. Common techniques used for this process include Bayesian Networks,
vector-based methods such as latent semantic analysis and neural networks, call routing
methods etc as will be discussed in Section 2.3.

The following sections will give a survey of the relevant existing work on semantic

parsing and dialogue act decoding, with a focus on statistical methods.

2.2 Semantic Parsing

In a spoken dialogue system, semantic parsing translates word sequence hypotheses gen-
erated by a speech recognizer into semantic representations. Traditionally, most semantic
parser systems have been built using hand-crafted semantic grammar rules. Word pat-

terns corresponding to semantic tokens are used to fill slots in different semantic frames
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in parallel. The frame with the highest score yields the semantic representation. The
above process is called robust parsing [26; 27; 28]. Other systems view semantic pars-
ing as a pattern recognition problem and adopt statistical approaches to derive semantic
representations. In this chapter, only systems using stochastic parsing methods will be

reviewed.

2.2.1 Finite-State Semantic Models

A finite-state tagger (FST) treats the generation of a spoken sentence as an HMM-like
process whose hidden states correspond to semantic concepts and outputs correspond to
individual words in the utterance. Figure 2.1 shows an example of a parse C output using
an FST model. Each word is tagged with a single discrete semantic concept label. Note
here in practice, the utterance is enclosed by sentence start and end markers, sent_start
and sent_end, to enable the prediction of the first and last word in the utterance and the

corresponding semantic tags for them are SS and SE respectively. They are omitted here

> €D @D @

flights from Boston to Denver

for clarity.

Figure 2.1: An example of a finite-state tagger parse result.

Note that if required, the output of the FST can be trivially converted to a well-
formed parse tree simply by adding a sentence tag dominating all FST state tags. This
parse tree will however be flat, hence this corresponds to the flat-concept model referred
to previously.

Given a vocabulary V and a word sequence W = (wy -+ - wr) where wy € V, assume
that each word w; is tagged with one semantic concept label ¢;, to give the sequence
C = (c1---cr) where ¢; € L and L denotes the semantic concept or label space. The FST
model can then finds the maximum likely concept string C, given word string W according

to

C = argmax P(C|W,B,)
C
= argmax P(W|C)P(C|B;)
c

T T
A argmax H P(wwg—q -+~ wy,ct) H P(etlet—1 -1, Bs)
- =1
T T
~ argénax H P(wg|wi—q - Wi—py1,¢t) H P(et|ei—1 -+ ¢t—m+1, Bs) (2.5)
t=1 t=1
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The P(W|C) term is called the syntactic or lezical model while the P(C|B;) term
is called the conceptual or semantic model. Both the lexical and semantic models can
be formulated using conditional probabilities. If n = 1 and m = 2, this becomes a
conventional first order Markov model, with states labelled by semantic concepts and
transitions given by the concept bigram probabilities:

T
C = argmax | [ P(wi|er) P(cilei1, Bs) (2.6)
¢ 9

One of the most notable FST models is CHRONUS [29; 30; 31; 32], which is a statistical
spoken language understanding system developed by AT&T. Its FST is essentially a first
order Markov model as described in equation 2.6.

In AT&T’s implementation, words and phrases are first classified into categories in
order to reduce the effective size of the lexicon and enhance the robustness of the stochastic
conceptual representation [29]. For example, Boston and Denver are grouped under the
category city_name.

After word/phrase categorization, a set of fully annotated training data must be gen-
erated. The ATIS corpus does not contain any annotated data, instead, the SQL query
for each training utterance is included. Bootstrapping is therefore used to gather anno-
tated training data. In AT&T’s work, 547 sentences were manually tagged, and these
were then used to calculate estimates of the model parameters based on relative frequency
counts. This initial model was used to annotate the remaining sentences in the corpus.
Each newly annotated sentence was processed to generate an SQL query to fetch results
from the database, which were then compared with the reference answers. If the results
matched, the corresponding annotated sentence was assumed correct and was therefore
added to the training set. The whole process was then iterated until no further addition
could be made to the training set.

Given the availability of the fully-annotated training data, the model parameters can
be simply estimated from the frequency counts and smoothing. The maximum likelihood

estimates are

Pur(ede—1) = % (2.7)
Pas(wiler) = % (2.8)

where N(-) denotes an event count. In practice, discounting is used to replace the original
counts with modified counts so as to redistribute the probability mass from the more
commonly observed events to the less frequent and unseen events. If the actual number of

occurrences of an event E is N(E), then the modified count is dy(g) N (E), where dy g is

12
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known as the discount factor. One discounting strategy is the Witten-Bell method where
the discounting factor is not dependent on the event’s count, but on r, the number of types
which followed the particular context. By applying Witten-Bell discounting and denoting
the size of the semantic concept space as M, Equation 2.7 becomes

Nleeorer) if N(¢p_q,¢0) > 0

Purr(ctlerr) = il i
(ctlet—1) { e if N(ci—1,¢,) =0

(2.9)

The discounting formula for Equation 2.8 can be derived in a similar manner. Other
commonly used discounting methods include Good-Turing, linear discounting, nonlinear
discounting, etc [33].

The trained semantic decoder then finds the most likely state, and hence concept,

sequence using standard Viterbi decoding.

2.2.2 Stochastic Context-Free Grammar Models

The finite-state models described in the previous section are not able to capture long dis-
tance semantic relevance and therefore fail to represent nested semantic structures. Such
limitations can be overcome by allowing the finite state networks to become recursive.
In this case, each state can generate either a word or a subnetwork. This is formally
equivalent to using stochastic phrase structure rules and it essentially extends the class of
supported languages from regular to context-free. Examples of such Stochastic Context-
Free Grammar(SCFG) models are non-lexicalized SCFG models such as BBN’s Hidden
Understanding Model (HUM) [34; 35] and hierarchical HMMs (HHMM) [36; 37], lexical-
ized models such as the immediate-head parsing model [38], history-based models such as
the structured language model (SLM) [39] and the semantic structured language model
[40].

2.2.2.1 Non-Lexicalized SCFG Models

Non-lexicalized SCFG models represent a parse tree as n events, Eventy - - - Bvent,, where
Event; corresponds to the i¢th context-free grammar rule. Two major weaknesses of such
non-lexicalized SCFG models are lack of sensitivity to lexical dependencies and lack of sen-
sitivity to structural preferences such as preferences for right-branching or left-branching
structures. Examples of non-lexicalized SCFG models are BBN’s Hidden Understanding
Model (HUM) [34; 35] and hierarchical HMMs (HHMM) [36; 37].

Hidden Understanding Model (HUM)

The Hidden Understanding Model (HUM) [34; 35; 41; 42] developed by BBN also used

HMMs to provide a probabilistic framework for spoken utterances. However, unlike
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CHRONUS, the annotation of each sentence is represented as a semantic tree, which
consists of non-terminal and terminal conceptual nodes. Each terminal conceptual node
is attached to individual words of an utterance, while a non-terminal node is designated
as an abstract semantic concept such that a parse tree can be built automatically through
the state evolution of an HMM. The idea of HUM is to automatically discover complex
Context-Free Grammar (CFG) rules based on treebank data. An example of an HUM

parse result is shown in Figure 2.2.

QUERD

CELIGHT

GROMLOC>  (FoLOO
CHIP YA GEDICIIGEIRC?

List flights from Boston to Denve

Figure 2.2: An example of an HUM parse result.

Given a word sequence W, the meaning M is searched by maximizing:

P(W|M)P(M)

POMIW) = —=F

~ P(W|M)P(M) (2.10)

where P(M) is called the semantic language model and P(W|M) is called the lexical
realization model.

In the semantic language model, each abstract concept corresponds to a probabilis-
tic state transition network, with each constituent state denoting one of its component
concepts. Every component concept state is fully connected to every other state. All
such networks are then combined into a single probabilistic recursive transition network
(PRTN) through their unique entry and exit states. Individual component networks of
the PRTN are analogous to the right hand sides of production rules in a conventional
CFG. The lezical realization model is similar to the semantic language model except that
the lexical realization networks specify transition probabilities between words instead of
semantic concepts. Since the semantic language model and lexical realization model are
both probabilistic networks, the understanding problem can be formulated as finding the

highest probability path through the combined network, therefore:

P(Path) = ]

[ P(statey,|state,_1, context) if t in semantic language model
tePath

P(word, |word,, 1, context) if t in lexical realization model

(2.11)
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In the semantic language model, context refers to the parent concepts for state, and
state,—_1, while in the lexical realization model, context is the immediately dominating
semantic concept of word,. Thus, in Figure 2.2, P(CITY|FROM,FROMLOC) refers
the probability of entering CITY from FROM within the context of the FROMLOC network.
P(boston|from,CITY) is the probability that the word boston follows the word from
within the context of a FROM concept.

As in CHRONUS, HUM also uses hand labelled data to estimate the model parameters,
which are subsequently smoothed using a technique similar to [43; 44]. A modified version
of the Early Parsing Algorithm [45] is used to search for the N-most-likely meaning trees
in a top-down fashion. It was reported that HUM achieved 16.5% answer error rate for the
December 1994 ATIS spoken language understanding evaluation [34] compared to 8.9%
achieved by CHRONUS [32]. In the December 1994 ATIS natural language evaluation,
HUM obtained 9.5% answer error rate [35] which is also worse than 3.8% obtained by
CHRONUS [32] for context-independent (category A) utterances. One possible reason is
the lack of sufficient training data to reliably train a complicated recursive parsing model
such as the HUM.

Hierarchical Hidden Markov Models (HHMM)

A hierarchical hidden Markov model (HHMM) [36] generalizes the normal HMM by making
each of its hidden states a similar stochastic model on its own, i.e. each state is an HHMM
as well. States are therefore categorized into two classes, states which emit output symbols
through the usual HMM state output mechanism belong to production states, and states
that output sequences rather than a single observable symbol are called internal states.
The production of sequences is performed by recursive activation of the sub-models of a
internal state, which may be composed of sub-sub-models as well. This process terminates
when a production state is reached.

The activation of a lower sub-model is called a vertical transition. Upon completion of
a vertical transition, the control returns to the original state and a state transition within
the same level, called horizontal transition, is performed.

HHMDMs are less expressive than SCFGs since they only allow hierarchies of bounded
depth, so they are more efficient and relatively easier to learn. However, the training
procedure described in [36], which is based upon a straightforward adaptation of the
Inside-Outside algorithm [46], is still complicated and takes O(T3QP) time, where T is
the length of the sequence, D is the depth of the hierarchy, and @ is the maximum number
of states at each level of the hierarchy. Murphy [37] proposed to represent an HHMM as

a dynamic Bayesian network (DBN) and derived a much simpler approximate inference
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algorithm, which takes at most O(TQ?P) time. However, the empirical consequences of

the constraints implied are unknown.

2.2.2.2 Lexicalized Models

The major weakness of non-lexicalized SCFG models is their lack of sensitivity to lexical
information. This can be avoided by introducing lexicalization of non-terminals of parse
trees. Each non-terminal in the parse tree is modified to include a headword which is
assigned based on a function that identifies the head of each grammar rule. The head is
one of the child non-terminals in the rule. More precisely, the function head(X — Y1 ---Y},)
returns a value 1 < h < n. For example, in the rule PP — IN NN in Figure 2.3 (above the
words “from boston”), the IN is the head of the phrase and head(PP — IN NN)=1. In
this case, headword(PP) = headword(IN) = from.

Example of lexicalized SCFG models may be found in [38; 47; 48; 49]. Here, only the
recently proposed immediate-head parsing model in [38] is reviewed. An example of an

immediate-head parse result is given in Figure 2.3.

VP (list)
NP(flights)
NP(flights)

PP(from) PP(to)

O

VBP(list)y  NNS(flights) IN(from) NN(boston) IN(to) NN(denver)

List flights from Boston to Denver

Figure 2.3: An example of an immediate-head parse result.

Charniak’s immediate-head parsing model performs parsing in a top-down manner. It
assigns a probability to a parse 7 by a top-down process of considering each constituent
¢ in 7 and, for each c, first guessing the pre-terminal part-of-speech (POS) tag of ¢, t(¢),
then the lexical head of ¢, h(c), and then the expansion of ¢ into further constituents e(c).

Thus the probability of a parse is given by

P(r) = [[PG@Ii(e),H(e) - P(h(c)lt(c),i(c), H(c)) - Ple(e)li(e),t(e), h(c), H(c))

cem

(2.12)
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where [(c) is the label of ¢ and H(c) is the relevant history of ¢ which may be defined as
consisting of the label, head, and head part-of-speech for the parent of c.

Charniak’s model encodes preferences for right-branching structure implicitly through
the use of higher probabilities on right-branching grammar rules. The parser encourages
right branching with a “bonus” multiplicative factor of 1.2 for constituents that end at the
right boundary of the sentence, and a penalty of 0.8 for those that do not. For example, for
an NP PP PP sequence, the perference for a right-branching structure is encoded through
a much higher probability for the rule NP — NP PP rather than NP — NP PP PP as
illustrated in Figure 2.3 the top-level POStags for flights from Boston to Denver is [NP
[[NP PP] PP]].

This immediate-head parsing model differs from strict left-to-right parsers, which will
be discussed in the following section, in that it is able to take into consideration the
immediate head of a constituent that occurs after this constituent which is not available
for conditioning by a strict left-to-right parser. However, by doing so, the immediate-head
parsing model complicates left-to-right search since heads are often to the right of their
children. Also, unlike strict left-to-right parsers which can be easily integrated with the
standard trigram language model, it is not straightforward to do this for the immediate-

head parsing model.

2.2.2.3 History-Based Models

In history-based models, the probability of each parser action is conditioned on the history
of previous actions in the parse, i.e. potentially all previously built structure, not just
the non-terminal being expanded as in simple SCFGs. Assume a word sequence W is
parsed to give a tree C, history-based models map (W, C) into a sequence of decisions
< dy,dy---dr >, the joint probability of W and C' is then given by

T

P(W,C) =[] P(del®(dsy -~ dv)) (2.13)
t=1

The conditioning context for each dy, < dy_1---dy >, is referred to as “history”, and
is equivalent to some partially built structure. @ is a function to group histories into
equivalence classes. A normal SCFG model may be viewed as a history-based model using
leftmost derivations.

Examples of history-based models include Chelba’s structured language model (SLM)
and Erdogan’s semantic structured language model, which are different from Charniak’s
work in that non-terminal labels are extended to include both lexical items (headwords)

and semantic categories.
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Structured Language Model

Chelba et al. proposed the use of a structured language model (SLM) [50] as a statistical
parser to extract essential information from a sentence to fill slots in a semantic frame.
Here, a sentence is parsed as a two-level semantic parse tree: the root node is tagged with
a semantic frame label and spans the entire sentence; the leaf nodes are tagged with slot
labels and span the strings of words relevant to the corresponding slot.

The SLM was originally defined as a strict left-to-right, right-branching syntactic parser
[39; 51; 52] and it assigns a joint probability P(WW,T') to a sentence-tree pair. His work is
quite similar to that discussed in [47] where non-terminal labels are extended to include
lexical items (head words) or semantic categories. In order to use SLM in semantic parsing,
some constraint operations have to be defined. However, before describing constrained
SLM parsing, the standard formulation of SLM will be discussed first.

The SLM model operates on binary-branching trees. Three kinds of operations are
defined. WORD-PREDICTOR predicts the next word based on the two previous head-
words exposed in the parse. TAGGER assigns a POS tag to the currently predicted word.
And finally PARSER gradually joins up the subtrees. There are three possible moves in
the PARSER component: join the right-most adjacent two trees with the new head word
provided by the left tree (adjoint-left), or with the new head word provided by the right
tree (adjoint-right), or to choose not to join the substrees (null), but pass the control to the
WORD-PREDICTOR component. This model provides trigram probabilities conditioned
on head words that may fall outside the three-word window of a traditional trigram model,
thus it successfully captures long distance relevance in a sentence. A parse example using
the SLM is shown in Figure 2.4, which is different from the result shown in Figure 2.3
by Charniak’s immediate-head parsing model as NN(Boston) is adjoined to the right PP
phrase first to form a NP phrase before adjoining to the left IN(from).

VP(list)

NP(flights)
PP(from)
NP(boston)

PP(to)

/N

VBP(list) NNS(flights) IN(from) NN(boston) IN(to) NN(denver)
| | | | | |
List flights from  Boston to Denver

Figure 2.4: An example of SLM parse result.
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Let W be a sentence of length n words to which sentence markers are added so that
wy =<s> and wy 1 =</s>, the SLM assigns a probability P(W,T) to the sentence W

and its every possible binary parse 7' using the three models:

n+1 Ny,
P(W,T) = [ [[P(wk|ho, h—1) P(txJwr, ho,h1) [ | P(0FIho, h-1)] (2.14)
k=1 Py i=1

predictor tagger

v~

parser

where:

e wy is the word predicted by the WORD-PREDICTOR;

ho and h_; are the exposed heads, each head is a pair (headword, non-terminal

label), or (word, POStag) in the case of root-only tree;

ti, is the POS tag assigned to wj, by the TAGGER,;

Np —1 is the number of operations that the PARSER executes at sentence position &
before passing control to the WORD-PREDICTOR (the Ng-th operation at position

k is the null transition);

pf denotes the i-th PARSER operation carried out at position k in the word string.
The p’f...p?vk sequence of PARSER operations at position k& grows the word-parse
(k — 1)-prefix into a word-parse k-prefix.

Training data is divided into two parts, about 90% forms the “main” data and the
remaining forms the “check data”. Each model component is initialized in two stages.
First counts from the “main” data are gathered, then the interpolation coefficients are
estimated using counts gathered from the “check data”. An N-best EM [53] variant is
then employed to jointly estimate the model parameters such that the likelihood of the
training data is increased.

Returning now to the constrained parsing needed for semantic extraction, the binary
parses that generated by the standard SLM may not match the semantic parse S for a given
sentence W which consists of a set of constituent boundaries along with semantic tags,
i.e. the constituent proposed by the SLM may cross the semantic constituent boundaries.
Thus, each semantic constituent in .S is considered as a constaint and is defined such that
¢ =<1l,r,@Q > where [ and r are the left and right boundary of the constraint respectively,
Q is the set of allowable non-terminal tags for the constraint. During training, the SLM
operation is constrained such that the parses must match the constraints ¢;, i = 1...C as
it proceeds left to right through a given sentence W. In summary, the training procedure

for using the SLM as a semantic parser is:
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e Initialization. Initialize the SLM as a syntactic parser from a treebank.

e Syntactic parsing. Train the SLM as a matched constrained parser such that parses

match the constraint boundaries c.l, c.r, Vc for a given sentence.

e Augmentation. Enrich the non/pre-terminal labels in the resulting treebank with

semantic tags.

e Syntactic+semantic parsing. Train the SLM as an L(abel)-matched constrained
parser, i.e., boundaries and tags of the semantic constituents are matched which

include c.l, c.r, c.Q, Ve.

If SEM(T) is defined as the function that maps a parse tree T' containing both syn-
tactic and semantic information to the tree containing only semantic information, referred
to as the semantic projection of T, then the trained model can be used to retrieve the
semantic parse by taking the semantic projection of the most likely parse:

S = SEM (argmax P(T;,W)) (2.15)
T;

Semantic Structured Language Model

Inspired by Chelba, Erdogan proposed a semantic structured language model [40] which
makes use of the IBM’s decision-tree based statistical semantic classer and parser [54].
Semantic analysis is performed in two steps, first words that represent the same concept
are grouped using a semantic classer, then a full hierarchical parse of semantic constituents
is built using a semantic parser. The parser predicts parser actions (tagging a word,
extending a parse by connecting constituents to parent labels, etc) based on the current
context using a decision tree [55]. Both classer and parser require a fully annotated training
corpus of in-domain sentences to train decision tree probabilities.

The semantic information output by the parser described above is then incorporated
with the lexical information in a maximum entropy model in the following way:

e>iAifi(o,h)

P(0|h) = Z ,ezi )\ifi(ol,h)
O

(2.16)

where o is the outcome and o € V U L, that is, o can be taken from word (or class)
vocabulary V or semantic label vocabulary L, h represents the history of context and
fi are indicator functions, or features, which are “activated” when certain outcomes o;

occur in certain context where ¢;(h) = 1. Here, g;(h) is also an indicator function that
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is activated only when the context h has certain property. In particular, f;(o,h) has the
form:

1 if o=o0; and g;(h) =1

0 otherwise (2.17)

filo,h) = {

Features such as parent label name, previously completed constituent label names as
well as regular N-gram history features for both words and labels are combined in a single
effective language model using maximum entropy modelling approach.

Unlike Chelba’s work in which the parse tree is built bottom-up and the parent label is
not available to the decoder when the current word is being decoded, Erdogan’s SLM as-
sumes the availability of complete sentences and is used to rescore N-best word hypotheses
from a speech recognizer.

Experiments on the subset of the DARPA Communicator evaluation data in June 2000
show that the gains obtained in the word error rate is similar to those achieved with the

SLM in other domains [56].

2.2.3 Discussion

Semantic parsing can be viewed as a pattern recognition problem and statistical decoding
can be used to find the most likely semantic representation given a model and an observed
word sequence W = (wp---wr). If assuming that the hidden data take the form of
a semantic parse tree C then the model should be a push-down automata which can
generate the pair < W, C > through some canonical sequence of moves D = (d; - - dr).

That is,

T
Pw,C) =[] P(dildi1---dv) (2.18)
t=1
Decision sequences are usually steps in some top-down or bottom-up derivation of trees.

For the general case of an unconstrained hierarchical model, D will consist of three types

of probabilistic move:
1. popping semantic category labels off the stack;
2. pushing one or more non-terminal semantic category label onto the stack;
3. generating the next word.

In practice, conditional independence can be used to reduce the number of parameters

needed to manageable proportions. As in conventional statistical language modelling, this
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involves defining an equivalence function ® which groups move sequences into equivalent

classes. Thus, the final generic parsing model is:

T
P(W,C) = [ [ P(del®(di—1 -~ dy)) (2.19)
t=1
The above is essentially the history-based model described in Section 2.2.2.3 where the
probability of each parser action is conditioned on the history of previous actions in the
parse or some partially built structure.

For the constrained case of the flat concept model, the stack is effectively depth one
and < W,C > is built by repeatedly popping one label off the stack, pushing one new
label onto the stack and then generating the next word. This kind of model is unable to
capture long distance dependencies. This inability of representing hierarchical structures
can be overcome by allowing the state stack to grow without limit and more than one
new semantic labels to be pushed onto the stack. This is essentially analogous to using
stochastic phrase structure rules and extends the class of supported languages from regular
to context-free. The HUM model is an early example of such an SCFG model which uses
fully-annotated corpora to simplify the parameter estimation problem that is otherwise
complex due to the recursive nature of hierarchical parse trees.

A general SCFG model is computationally expensive to train. However, computational
tractability issues may be tackled by imposing certain constraints on the SCFG model
itself. The HHMM model constrains the level of hierarchies or the state stack depth to be
a bounded depth, it is nevertheless still complex as its state inference takes O(7) time
where 7" is the sequence length. Murphy converts an HHMM into a dynamic Bayesian
networks such that the inference can be done using the junction tree algorithm which only
takes O(T') time empirically provided that the HHMM hierarchy depth and the number
of states at each level of hierarchy are bounded to some relatively small values.

The weakness of non-lexicalized SCFG models such as HUM and HHMM can be
avoided by associating a headword to each non-terminal in the parse tree. Examples of
lexicalized SCFG models such as the immediate-head parsing model achieved 6% reduction
in recall error and 5% reduction in precision error compared to a general non-lexicalized
model when tested on Penn WSJ treebank data [57].

Chelba’s SLM does not impose a constraint on the state stack depth, but it does
constrain the pushing of at most one new tag (a POStag in this case, not a semantic tag)
into the stack. As opposed to the conventional SCFG models where each parser action is
only conditioned on the immediately preceeding non-terminal tag being expanded, a parser

action in the SLM is conditioned on the previouly two exposed headwords. However,
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Chelba’s SLM has the limitation that it is not able to capture dependencies between
non-headwords due to its headword percolation rules. For example, less and than as in
less people join the society this month than last month where neither less nor than are
headwords of this phrase.

Erdogan’s structured semantic language model is similar to Chelba’s SLM, but it as-
sumes the availability of complete sentences and cannot operate left-to-right. Thus, unlike
the SLM, it cannot be incorporated directly into the speech recognition process. Never-
theless, it can still be used to rescore N-best word hypotheses from a speech recognizer.

All of the previously reviewed hierarchical structured models require full-annotated
treebank style training data for robust model parameter estimation. This is both time-
consuming and difficult to acquire in practice. Robust training from unannotated or
partially annotated corpora is therefore crucial for practical applications. This is one of
the major issues that has been explored in the research work reported here.

All the parser models described so far apply constraints in one way or another to the
general framework described in Equation 2.19 and other forms of constraint are equally
possible. In particular, this thesis considers a constrained form of automata where the
stack is finite depth and < W, C' > is built by repeatedly popping 0 to n labels off the
stack, pushing exactly one new label onto the stack and then generating the next word.
This constrained form of automata implements a right-branching parser which has some
very convenient properties. It is left-to-right, it can be trained robustly using EM, and it
has complexity O(TQP) !, yet it can still model hierarchical structure. The investigation

of this model comprises a major part of this thesis.

2.3 Dialogue Act Decoding

After transforming a user’s utterance into a semantic representation, the next step in
a spoken language understanding system is to decode the user’s dialogue acts based on
the semantic concepts extracted and the current system’s belief. Available approaches to
this problem include Bayesian Networks (BNs) [58; 59] which take semantic concepts as
inputs. Other methods operate directly on words instead of semantic concepts though
the extension to semantic concepts is straightforward, these include vector-based methods
[60; 61], call routing methods [62; 63; 64; 65], Transformation-Based Learning (TBL)
[66; 67], and topic trees [68]

"Where T is the length of the sequence, D is the maximum stack depth, and @ is the maximum number
of concepts (node labels) at each level of the stack.
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2.3.1 Bayesian Networks

Bayesian Networks (BNs) [58; 59| take the topological form of a directed acyclic graph
(CAG), where each link is directional, and there are no loops. A BN consists of nodes and
their associated discrete states. The links between nodes represent conditional probabil-
ities. BNs capture the conditional independence relationship in the sense that a node is
independent of its ancestors given its parents. The advantage of using BNs is that they
only specify necessary dependencies, which leads to a significant reduction in the cost of
inference. The main disadvantage of BNs is that, in general, the complexity rises exponen-
tially with the number of nodes [69]. Besides, creating algorithms to update probabilities
in BNs is not trivial though it is now quite well understood.

BNs have been first applied for dialogue act classification by Pulman [70] and have also
been used to infer information goals from users’ free-text queries in information retrieval
[71]. More recently, Meng et. al [58] proposed the modified Naive Bayes networks to infer
users’ dialogue acts or information goals in spoken dialogue applications and Keizer [59]

used more general BNs to perform the same tasks for Dutch dialogues.

2.3.1.1 Naive Bayes

A method using modified Naive Bayes networks has been proposed [58; 72; 73; 74; 75] to
identify the communication goal(s) of a user’s information-seeking query out of a finite
set of within-domain goals in spoken dialogue systems. The problem is formulated as
N binary decisions, and each is performed by a BN. An example of a BN is shown in
Figure 2.5. The arc from concept node 2 to node 3 captures the probabilistic dependency

between two nodes.

Figure 2.5: An example of a modified Naive Bayes Network.

A user’s input query is first transformed into a sequence of semantic concepts by a
semantic parser. These concepts serve as the input to the BNs for inferring the query’s

communication goal. The process of goal identification is as follows:

24


./figure/beliefNetwork.eps

2.3 Dialogue Act Decoding

1. Semantic tagging.
Training utterances are tagged with semantic concepts. Each training query is then

represented by its annotated goal and a set of semantic concepts.
2. Belief Network Training

(a) Semantic concept selection
For a given goal G;, only M semantic concepts {C1, Cs, - -, Cpr} which have the
highest Mutual Information (MI) and Information Gain (IG) are selected as the
feature set for the ith goal. These form the input to the BN. MI (2.20) measures
the degree of co-occurrence while IG (2.21) considers both the presence and

absence of the concept and the goal '.

MI(Cy, G:) = P(Cy, G;) log % (2.20)
IG(CrG) = Y. Y P(Cy=c,Gi=g)log Pféf’“:c)cl’)?éi: :"L) (2.21)

(b) Bayesian network learning
For each BN, the goal prior probability P(G;) and the conditional probabil-
ity of each semantic concept Cj given the goal G;, P(Cy|G;), are learned by
presenting each training query to the BN and using simple event counting.
Dependencies between concept nodes are captured using Rissanen’s minimum

description length (MDL) principle [76].

3. Goal identification.
Each trained BN is a distinct classifier for making the binary decision using a preset
threshold 0.5 regarding a unique goal. For an input query which contains a set of
concepts C1,Cs,- -+ ,Cy, a BN applies Bayesian inferencing (2.22) to derive the a
posteriori probability P(G;|C1,Ca, -+, Chy).

M
P(Cp = cx|Gi =1
P*(G; =1|C1,Ca, -+ ,Cur) = P(G; = 1) [ (]’;(C:’“:' C’k) ) (2.22)
k=1

where ¢ can either be 1 or 0 depending on whether the kth concept should be
present or absent in the network. The decision across all the BNs are combined

to identify the output goal of the input query. The query can be labelled with

'Tn the equations decribed in this section, each concept variable C}, takes the value either 1 or 0, which
is different from what has been described previouly where C} takes certain semantic concept as a value.
Thus, P(Cy = 1) denotes the probability of the presence of kth concept as in Figure 2.5.
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a goal if the corresponding BN gives the highest value of P(G;|C1,Cs,---,Chr).
Alternatively, multiple goals can be identified by selecting the goals for which the
BNs voted positive. In the case when all BNs vote negative, the input query is

rejected as out-of-domain.

2.3.1.2 General Bayesian Networks

More general BNs have been used in [59] for dialogue act decoding. Each training utterance
has been manually tagged using two layers of the DAMSL(Dialog Act Markup in Several
Layers) multi-layer annotation scheme [25], which includes a layer of Forward-looking
Functions (FF) and a layer of Backward-looking Functions (BF). Assuming that dialogues
are between a server and a client, the dialogue context features selected as input to the
BNs include the previous FF of the client, the previous BF of the server, the current FF
decided by the client, and the sentence type, subject type and punctuation of current
utterance.

Network structures are learned from the annotated training data using the K2 algo-
rithm [77] and conditional probability distributions are learned using the Mazimum A

Posterior (MAP) technique as in [78].

2.3.2 Vector-Based Methods

Dialogue act decoding or goal detection can be considered as similar to topic identification
in information retrieval. Users’ utterances and corresponding dialogue acts are represented
by vectors in a vector space. The detected dialogue act is the one whose corresponding
vector is the closest to the vector representing the incoming query. Traditional methods
which are widely used in information retrieval can be used to detect dialogue acts. Some
of the methods described here include latent semantic analysis [60] and Kohonen’s Self-

Organizing Maps (SOM) [61].

2.3.2.1 Latent Semantic Analysis

Latent Semantics Indexing (LSI) [79] has been widely used in information retrieval. It
uses a fully automatic statistical method based on singular value decomposition (SVD) to
uncover the associations among terms in a large collection of texts, which in turn is used
to construct a semantic or concept space wherein terms and documents that are closely
associated are placed near one another. During retrieval, terms in a query are used to
identify a point in the semantic space and documents in its neighborhood are returned to

the user.
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Inspired by these ideas, a similar technique has been applied for dialogue act decoding
in a desktop command and control system [60; 80]. Here, latent semantic analysis (LSA)
[81] is employed to map a user’s utterance to a desired action. The algorithm works as

follows:

e Let V be a vocabulary of size M, and T a collection of utterances used to invoke N
actions. First construct a word-command (M x N) matrix W associated with V and

J. This matrix fully describes how often word w; appeared in command d;. Then
perform the SVD of W as:

WaW=USVT" (2.23)

where U is the (M x R) left singular matrix with row vectors u; (1 < i < M), S
is the (R x R) diagonal matrix of singular values, V' is the (N x R) right singular
matrix with row vectors v; (1 < j < N), R < min(M,N).

e As is well known, UTU = VTV = Iy, where I is the identity matrix of order R.
Thus,

utw =svT (2.24)
UTd; = Svj = x; (2.25)

That is, column vectors d; are projected onto a lower dimensional subspace. x;

characterizes the position of command d; in this subspace.

e Mapping the transcription of a command onto an action is equivalent to finding the

nearest x; in R-dimensional space given the command vector w;.

One of the drawbacks of LSA is that it only works well for longer texts, its ability
to discriminate different texts will be reduced if the average length of texts is short [82].
Therefore, the accuracy of dialogue act decoding using this method would not be high if

the average length of users’ utterances is short.

2.3.2.2 Self-Organizing Maps (SOM)

Dialogue act decoding may also be modelled using Self-Organizing Maps (SOM) [61], an
unsupervised neural network method suitable for ordering and visualization of complex
data sets. In an SOM, utterances are meaningfully organized to be topically ordered, i.e.
utterances with similar topics are found near each other.

During training, dialogues are manually tagged with their corresponding goals and

each continuous dialogue segment of several utterances that belongs to a particular goal
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category forms a single document. Each document is then encoded as a vector using
the widely adopted term frequencyxinverse document frequency (TFIDF') method [83] in
information retrieval. Such document vectors are then organized on an SOM which forms
a kind of associative topic-semantic memory.

During goal identification, a user’s query is encoded as a vector similar to the encoding
of the training utterances. It is then mapped onto the SOM to retrieve the goal based on
the fact that similar inputs, which are defined in terms of proximity of their descriptive
vectors in the multidimensional input space, tend to be mapped close to each other on
the SOM. It has been found that longer dialogue segments in the training data resulted
in higher goal identification accuracy.

Similar work can also be found in [84] where the Learning Vector Quantization (LVQ)
algorithm is first used to map the input vectors to a set of predefined target vectors, then
the SOM algorithm is applied to output a two-dimensional map of the data items in which

proximity of the data items is interpreted as similarity.

2.3.3 Call Routing Methods

A natural language call router/classifier takes recognized speech as input and determines
where the call should be directed or whether the system should initiate a disambiguation
dialogue. The first step of a call router does is to classify the incoming call into one of
the pre-defined call types, which is quite similar to dialogue act detection. Some of the
reported approaches include a vector-based information retrieval technique [85], proba-
bilistic models with salient phrases [62; 63; 64], discriminative training [65] etc. As the
vector-based technique similar to the one used in [85] has already been described in section

2.3.2, only the other two techniques will be reviewed here.

2.3.3.1 Probabilistic Models with Salient Phrases

AT&T’s How May I Help You (HMIHY) [62; 63; 64] acts as a call router to recognize and
understand user’s speech to determine its call-type. It first automatically learns salient
phrase and grammar fragments from a database of transcribed utterances labelled with
associated machine actions based on the mutual information between words or phrases.
Salience here is defined as the measurement of the information content of an event for
a task [62]. It then recognizes these fragments in fluent speech by searching the output
of a large vocabulary speech recognizer, whose language model is a stochastic finite state
machine (SFSM) with the automatically-acquired phrases embedded within it. Finally,

the recognized fragments are used to classify the call-type of an utterance based on the
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peak of the a posteriori distribution P(gx|f), where g is the set of call actions and f is a
fragment.

The procedure of the algorithm is summarized as follows:
1. Extract salient phrase fragments.

(a) Acquire salient phrase fragment recursively based on the mutual information

measure between two words or between a fragment and a word.

I(f,w) = logy[P(w]f)/P(w)] (2.26)

where f is a fragment which contains one or more words, w is a word.

(b) Compute the extra-linguistic associations via the salience measure of mutual

information averaged over all call actions.
S(f)=>_ PlaxlHI(f,01) (227)
k

where f is a fragment, g, is the set of call-actions, and S(f) is the fragment’s

salience measure.

2. Combine salient phrase fragments into a grammar fragment.
For a certain call type, the first pass determines the salient words with the highest
posterior distribution P(gx|f). The local context of this salient word is then eval-
uated based on syntactic and semantic associations. Syntactic association signifies
the relationship between a fragment and the phrases following or proceeding this
fragment, while semantic association refers to the relationship between a fragment
in spoken language and the call-type corresponding to the speech. The same process
is then repeated to construct fragments surrounding other salient words for this call

type [86].

3. Recognize fragments in speech.
The speech recognizer is constrained by a stochastic language model that approx-
imates an n-gram model on variable-length phrase units, which are automatically
acquired from the database based on their utility for minimizing the entropy of the

training corpus.

4. Classify an utterance to one of 15 call types.
For the recognized fragments f;, select the call type with the maximum P(gx|f;). If

the peak value is less than some threshold, then the utterance is rejected.
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2.3.3.2 Discriminative Training

In the vector-based information retrieval technique for call routing [85], a n X m routing
matrix R is constructed where the rows represent n call types and the columns represent
m terms (features). An input query is represented as an m-dimensional feature vector
Z and is classified based on the cosine similarity score with the model call type vectors

encoded in the routing matrix, i.e.

ri-T

calltype j = argmax cos ¢; = argmax (2.28)

j i i

where 77 is the model document vector for call type j and Z is the input query vector.
The above technique does not guarantee that the classification error rate will be min-
imized, discriminative training on vector-based models can be used to adjust model pa-
rameters in order to improve routing accuracy and robustness. A number of different
discriminative techniques for vector-based routing were compared in [87], which included
Generalized Probabilistic Descent (GPD), Corrective Training (CT), and Linear Discrim-
inant Analysis (LDA). It was found that the GPD technique due to Kuo and Lee [65] was
the most effective. Therefore, only the GPD technique proposed in [65] will be reviewed.
In Kuo and Lee’s work, the discriminant function for call type 7 and observation vector

Z is first defined as the dot product of the model vector and the observation vector:
m
9;(Z,R) =715 - &= ) rjiz; (2.29)

Given that the correct target call type for & is k, the misclassification function is defined

as
where
. 1 . 1
G(@ R) = [— ' Z 9; (%, R)|n (2.31)
J#k,1<j<n

is the anti-discriminant function of the input Z in call type k and n — 1 is the number of
competing call types. di(Z, R) > 0 implies misclassification. Equation 2.30 in fact converts
a multi-dimensional decision function into a one-dimensional metric. The generalized
probabilistic descent (GPD) algorithm [88] can then be used to optimize a non-decreasing
function of this misclassification metric iteratively.

It was found that discriminative techniques for call routing produced very large re-
ductions in the error rate on the training set but did not generalized well to the test set
[87].
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2.3.4 Transformation-Based Learning

Transformation-based Learning (TBL) [89] for dialogue act tagging was first introduced
in [66] and subsequently applied by Araki in his semantic tagger [67] where users’ dialogue
acts are identified first and then used as features to determine the frame of a semantic
representation.

TBL is a rule-based machine learning algorithm. Prior to learning, the initial tagged
data was made from an unannotated corpus by using a bootstrapping method, where all the
utterances are assigned the most frequent tag. Then rules are generated using a predefined
set of rule templates by instantiating variables with certain features from the annotated
data. Examples of such features include cue phrases, word n-grams, dialogue act cues',
the sentence length, the previous dialogue act etc. The derived rules are applied to the
unannotated data and the rule whose transformation results in the greatest improvement
on the precision of newly tagged data is selected. This rule is added into the current rule
set and the iteration is continued until no improvement is observed.

The advantage of TBL over other standard machine learning techniques is that it is
error driven and is therefore optimizing directly the error rate rather than other presum-
ably correlated metrics. However, one of the disadvantages is that the rule templates must
be supplied in advance. If the templates are too specific, the model is limited to only con-
sider certain features or feature combinations. On the other hand, if the templates are too
general, the model would turn to be less efficient. Moreover, the most expensive step in
TBL is the computation of the scores of the transformation rules and efficient algorithms

are needed in order to reduce the computational complexity.

2.3.5 Topic Trees

Jokinen et. al [68] hand-coded user’s goals (topics) as a topic tree for a particular dialogue
corpus. The tree both constrains and enables prediction of what is likely to be talked about
next, and provides a top-down approach to dialogue coherence. Each topic is represented
by a vector whose individual element is the mutual information between a word and the
topic. Topic shift probabilities are estimated using the CMU-CAM language modelling
toolkit [90].

There are two ways to determine the topic of an input utterance. The first one is to
predict a topic, called predicted topic, given the previous topic sequences based on the topic
shift probabilities. The second one is to decide a topic, called supported topic, according to

the total mutual information of each topic type and the words in the input utterance. For

!Dialogue act cues are word substrings that appear frequently in dialogue and provide useful clues to
help determine the appropriate dialogue acts.
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each topic type g;, the amounts of mutual information mi(g;; w;) are summed up where
wj is one of the words occurred in the input utterance. Then the topic types are ranked
in descending order and the top one is selected. If all the words are unknown or out of
domain, then the predicted topic is chosen, otherwise the supported topic is selected. The

accuracy of topic identification is about 75% using this algorithm.

2.3.6 Discussion

Meng et al. treats dialogue act detection as an inference problem and uses Bayesian
networks (BNs) to solve it. That is, given all available concept evidence C about an
utterance, the purpose is to find its dialogue act or information goal that has the highest

posterior probability P(G|C):
G = argmax P(G|C) (2.32)
G

Thus, the BN approach essentially provides soft decisions and it is straightforward to
generate the top N dialogue acts. That is, multiple dialogue acts may be inferred from
BNs.

When viewing dialogue act detection as an information retrieval (IR) problem, all the
traditional vector-based models used for IR such as LSA, SOM etc may also be used. How-
ever, the vector-based approaches are not able to handle utterances which simultaneously
encode more than one dialogue act.

The call routing method used in HMIHY identifies salient phrases first, which is es-
sentially a generalization of word spotting. The detected salient phrase fragments are
then used to classify users’ utterances into one of the 15 predefined call types. Thus, this
method takes recognized words from the speech recognizer instead of semantic concepts
as input. It does not make use of the knowledge provided by the semantic parser, which is
usually important to dialogue act detection especially when there might be some possible
speech recognition errors and the semantic module would still be able to derive the correct
overall meaning of the sentence.

Other approaches require significant human effort such as a set of rule templates have
to be defined in advance for the TBL and the topic hierarchies also need to be defined in
the topic tree approach.

After reviewing the pros and cons of various approaches to dialogue act decoding,
Belief Networks (BNs) appears to be the most promising one due to the following reasons.
First it provides a soft decision and thus multiple dialogue acts can be detected. Second,
various knowledge sources such as the semantic concepts extracted, the system’s beliefs,

users’ beliefs etc can be integrated into one probability model and the most probable
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dialogue act can be found through belief updating. In addition, methods exist for network
topology and parameter learning. Inference algorithms on BNs are also well-developed
and can be applied easily. Therefore, automatic learning using the BNs defines another
major objective of this research.

Strictly speaking, evaluating BNs is in general NP-hard [91]. Therefore, many re-
stricted classes of BNs have been proposed by making independence assumptions between
certain network nodes such that the network evaluation can be solved efficiently. So there
is a trade-off between capturing all conditioning context and efficiently evaluating BNs.
One restricted class of BNs is Naive Bayes classifier where all attribute nodes are assumed
conditionally independent given the class node. Evaluation of this kind of networks can be
solved in linear time. Obviously, the above assumption is unrealistic. One way to tackle
this problem is to add dependency links between attributes and it results in the Tree-
Augmented Naive Bayes networks (TAN) [18]. It was reported that TAN maintains the
robustness and computational complexity of Naive Bayes, and at the same time displays
better accuracy [18]. Thus, the TAN networks are explored for dialogue act detection in

this research and a detailed discussion is presented in Chapter 4.

2.4 Parser Model Adaptation

Statistical model adaptation has been studied extensively by researchers working on acous-
tic modelling for automatic speech recognition (ASR), language modelling, PCFG adap-
tation to a novel domain etc. The two most common approaches used in adaptation for
continuous probability distributions such as in the area of ASR are Bayesian adaptation,
which uses a maximum a posteriori (MAP) probability criteria [92], and transformation-
based adaptation such as maximum likelihood linear regression (MLLR) [93], which uses
a maximum likelihood (ML) criteria. The adaptation methods used for discrete proba-
bility distributions include MAP adaptation applied in n-gram language models [94] and
lexicalized PCFG models [95], Markov transform [96] and householder transform [97] used
in statistical semantic parser adaptation. This section reviews some of the adaptation

methods used for discrete probability distributions.

2.4.1 Maximum a Posteriori (MAP)

In the maximum a posteriori (MAP) framework described in [92], the model parameter
vector 6 is assumed to be a random vector taking values in the space ® and estimated

from the sample x with probability density function (pdf) f(:|#). Given the prior pdf
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of # which is denoted as g, the the MAP estimate, 057 4p, is defined as the mode of the
posterior pdf of 6 denoted as g(+|z), i.e.

Oy ap = argmax g(f|z) = argmax f(z|0)g(6) (2.33)
[4 4

In the MAP formulation, three key issues to be addressed are the choice of the prior
distribution family, the specification of the parameters for the prior densities, and the
evaluation of the maximum a posterior. In the case of n-gram model adaptation [94],
the estimation of probabilities for a discrete distribution over words is analogous to the
estimation of the distribution across mixture components within a mixture density in ASR.

Therefore, a Dirichlet density which is the conjugate prior for the prior distribution of the

K-mixture component weights wy,ws, -+ ,wx can be used
K
vi—1
glwi,wa, -+ wilvi, v, vg) o [l (2.34)
i=1

where v; > 0 are the parameters of the Dirichlet distribution. With such a prior, if
the expected counts for the ith component is denoted as c¢;, the mode of the posterior

distribution is obtained as

. (vi—1)+¢

)

_ 1<i<K (2.35)
ZkK:1(’/k —1)+ Zszl Ck

In a PCFG model [95], assume a set of production rules have the form A — -, where
A is a non-terminal symbol and -« is, in general, a string consisting of non-terminal or
terminal symbols. Let 7; denote the ith expansion of A, ¢(A — ;) the expected adaptation
count, and P(7;]A) the probability estimate for the production A — 7; according to the

out-of-domain model, then the parameters of the prior distribution for A are chosen as
v =1, P(1ilA)+1 1<i<K (2.36)

where 74 is the left-hand side dependent prior weighting parameter. This choice of prior
parameters defines the MAP estimate of the probability of expansion 7; from the left-hand
side A as

TAP(7ilA) + ¢(A = )
Ta+ K (A=)

An over-parameterization problem may arise if each left-hand side A has its own prior

P(v;|A) = <i<K (2.37)

distribution. This however can be avoided by adopting parameter tying approach. Two
methods of parameter tying, counting merging and model interpolation, can be used. If

T4 18 chosen as

T4 = &(A) (2.38)

ad
B
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the MAP adaption reduced to count merging, scaling the out-of-domain counts with a
factor a and the in-domain counts with a factor 8

A = i) + Be(A = %)
a#(A) + Be(A)

Pyl4) = ° (2.39)

where P and ¢ denote the probabilities and counts from the out-of-domain model, and P
and ¢ denote the probabilities and counts from the adaptation model (i.e. in-domain).

If 74 is chosen as

(2.40)

o e(A)25, 0< A <1 if gA4) >0
1 otherwise

the MAP adaptation reduces to model interpolation using interpolated parameter A
P(vi|A) = AP(%il 4) + (1 = M) P(vi] A) (2.41)

Roark et al. [95] show that the supervised and unsupervised MAP adaptation gives
2.5% and 5% gains respectively on F-measure parsing accuracy when tested on the WSJ

corpus using the model originally trained on the Brown corpus.

2.4.2 Transformation-Based Approaches

Transformation-based approaches such as MLLR applies a general transform on some
clusters of model parameters. Since all the model parameters belonging to the same cluster
are transformed simultaneously, such approaches are quite effective when only a small
amount of adaptation data is available. However, the main drawback is a rapid saturation
of the performance improvement as the amount of adaptation data increases [98]. Here, two
transformation-based approaches, the Markov transform and the Householder transform

used on parser models, will be described.

2.4.2.1 Markov Transform

Luo et al. [96] proposed to map an initial parser model to a new model by a Markov
matrix where the transform matrix is obtained by maximizing the log likelihood of the
parses of test data encoded using the model before adaptation. Assume the initial model

Mp consists of M probability mass functions (pmf), i.e.
My=P, : Poisapmf; e=1,2,--- M (2.42)

Let K be the dimension of each (row vector) P.. The ith component of P, is written as

P,(i). Consider a K x K Markov matrix @ = [g;;] which is subject to the constraints

Y gi; =1 wherei=1,2,--- K (2.43)
gi; >0 where i,j =1,2,--+ | K (2.44)
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The transform is defined as
P.=P.Q (2.45)

where both 156 and P, are row vectors. It can be easily verified that the transformed 156 is

still a valid pmf since

K K
DB =D D Peli)gij =Y Pe(i) ) aij=1 (2.46)
Jj=1 i j

j=1i=1
Let C¢(7) be the count for the ith component of P, collected using data C; from a new
domain, @ can then be optimized by maximizing the log likelihood of parses of data €y

measured by the transformed model M; = P,(-), i.e.

Q = argmax L(Q) (2.47)
Q
= argmax ZZC ) log P, (j) (2.48)
e=1 1
" K
= argmax ZZC ) log Z e (7)a55) (2.49)
e=1j=1 =1

Since the value of K is typically small and constraints in equation 2.43 and 2.44 are
independent, each row of ) can be optimized sequentially.
This technique has been applied to IBM’s semantic classer in air travel domain and a

23% to 31% relative reduction of parsing errors is obtained.

2.4.2.2 Householder Transform

A Markov transform requires K2 — K free parameters for each transform, where K is
the number of values to be predicted in the model. When K reaches several hundred,
the estimation of transform parameters becomes computationally complex. In view of
this, a special orthogonal transform, the Householder transform, is proposed in [97] for
statistical parser adaptation, which only requires K — 1 free parameters to be predicted
per transform.

The Householder matrix in Euclidean space is defined as
H=1-2wuw’ (2.50)

where I is an identity matrix, w is a unit vector, and w” is the transpose of w. The
Householder matrix is orthogonal since HTH = I. The Householder transform, also

called a reflector, is defined as

f(z)=Hz (2.51)
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where z is a vector in Euclidean space. It in fact reflects a vector = along a hyperplane
perpendicular to w.

For statistical parser adaptation, a pmf is first mapped from simplex to unit sphere by
taking the square root of each component of the pmf, then the Householder transform is
applied on the unit sphere, and finally, the transformed pmf is mapped back to simplex by
taking the square of each component of the pmf. If similar notations as those described
in section 2.4.2.1 are used, let P, be the new pmf after transformation, the proposed

transform is then
E.(i) = (VE(D) - 20w VE)?, 1<i<K (2.52)

As in [96], parameters in the Householder transform are optimized by maximizing the
probability of parses of adaptation data. Instead of a global Markov transform used in
[96], multiple transforms are used in [97]. A bottom-up classification algorithm is applied
to classify M pmfs in the initial statistical model My into L classes {r; : i =1,2,--- L},
where L < M and {7;} form a partition of pmfs in My. The classification algorithm is

described as

1. Let each pmf P, such that ), Ce(k) > 0 be a class, and initialize the centroid of
each class with P, where the centroid of a class is defined as arithmetic average of

pmfs in the class.

2. For each class whose count is smaller than §, merge it with its closest class. Go to

Step 4 if no such class can be found.
3. Recompute the centroid of the new class. Go to Step 2.

4. For each P, such that ), Ce(k) = 0, classify it to the class closest to P..

The distance measure used in the algorithm is Lo norm between two centroids, or between
a pmf and a centroid, depending on whether the distance in question is between two classes
or between a pmf and a class. ¢ is the minimum count for each transform class.

Given L classes {r; : i = 1,2,--- , L}, distributions in 7; share a Householder transform,
parameterized by w(9). Therefore, the totality of parameters of Householder transforms is
written as W = {w(l) :1=1,2,--- ,L}. Accordingly, the log likelihood of the parses of
the adaptation data is

L K
L) = > Y Ce(k)log Po(k;w™) (2.53)
lileEleZI ]
= > DN Celk)log(v/Pe(k) — 20 (k)y/ P w™)? (2.54)
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2.4 Parser Model Adaptation

Each w®) can be optimized independently subject to the constraint
|w® |o=1, 1=1,2,---,L (2.55)

Tests have also been conducted on the classer of IBM AirTravel system and a 21% to 24%
relative reduction of parsing errors is obtained, which is slightly worse than the results

obtained using a Markov transform as described in Section 2.4.2.1.

2.4.3 Discussion

MAP adaptation has been successfully applied in the area of speech recognition and has
recently been adopted in n-gram model adaptation and PCFG adaptation. In MAP es-
timation, the parameters of the model are considered to be random variables themselves
with a known distribution (the prior). The prior distribution and the maximum likeli-
hood distribution based on the in-domain (adaptation) observations then gives a posterior
distribution over the parameters. As the amount of the adaptation data increases, the
contribution of the prior becomes negligible and the posterior distribution is dominated
by the maximum likelihood estimate. Since MAP estimation only updates the parameters
of models which are observed in the adaptation data, in general, fairly large amounts of
adaptation data are required.

In Luo’s work [96], a linear transform, the Markov transform, has been proposed to
globally update the model parameters of a statistical parser. However, computational
complexity issues arise when the number of values to be predicted for each pmf becomes
moderately large. Also because of inherent constraints (i.e. each row has to sum to 1) on
Markov matrices, diagonal matrices can not be used, as could be done in acoustic model
adaptation using MLLR. A special orthogonal Householder transform has been applied
in statistical parser adaptation [97] which in fact absorbs the constraints imposed on the
Markov transform because of the orthogonality property of the Householder matrix. The
number of free parameters to be predicted per transform is therefore reduced to K — 1
as opposed to K? — K free parameters in the Markov transform. However, because the
number of free parameters is small, a global Householder transform is unlikely to be good
for all pmfs. Therefore, multiple transforms have to be used which require pmfs to be
classified into L classes first.

Though performance improvement has been reported using both the Markov trans-
form and the Householder transform, there is no explicit specification of the amount of
adaptation training data used in Luo’s papers. Also, the optimization procedure is not

straightforward and it is not easy to derive transform parameters.

38



2.4 Parser Model Adaptation

Since MAP adaptation has been applied successfully in PCFG parsers, it has been
investigated for the HVS model parser adaptation in this research. Transformation-based
approaches have not been taken into consideration as they involve nonlinear programming
for this particular application of HVS adaptation, which is difficult to derive close form
solutions. As one of the special forms of MAP adaptation is in fact interpolation between
the in-domain and out-of-domain models, attention has also been paid to nonlinear in-
terpolation between the baseline model and the model trained solely from the adaptation
training data and this has been studied as well. The detailed work on HVS parser model

adaptation is discussed in Section 5.4.2.
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Chapter 3

Semantic Parsing using the
Hidden Vector State Model

This chapter describes the Hidden Vector State (HVS) model. First the overall structure
of the HVS model is outlined, followed by the definition of the model parameters. Then,
procedures by which the model can be trained using minimally annotated training data are
presented. Finally, experimental results using the HVS model are compared with whose

obtained from the baseline finite-state tagger (FST) model.

3.1 Overview of the HVS model

Consider the semantic parse tree shown in Fig. 3.1, the semantic information relating to
each word is completely described by the sequence of semantic concept labels extending
from the preterminal node to the root node. If these semantic concept labels are stored
as a single vector, then the parse tree can be transformed into a sequence of vector states
as shown in the lower portion of Fig. 3.1. For example, the word Dallas is decribed by
the semantic vector [CITY, TOLOC, RETURN, SS]. Viewing each vector state as a hidden
variable, the whole parse tree can be converted into a first order vector state Markov
model, this is the Hidden Vector State (HVS) model.

Each vector state is in fact equivalent to a snapshot of the stack in a push-down
automaton. Indeed, given some maximum depth of the parse tree, any PCFG formalism
can be converted to a first-order vector state Markov model. If viewing each vector
state as a stack, then state transitions may be factored into a stack shift by n positions
followed by a push of one or more new preterminal semantic concepts relating to the
next input word. If such operations are unrestricted, then the state space will grow
exponentially and the same computational tractability issues of hierarchical HMMs are
incurred. However, by imposing constraints on the stack operations, the state space

can be reduced to a manageable size. Possible constraints to introduce are limiting the



3.2 Definition of the HVS model

RETURN

N

sent_start | wantto  return to Dalas on Thursday sent_enc
SS DUMMY RETURN TOLOC CITY ON DATE SE
SS SS RETURN TOLOC RETURN ON SS
SS RETURN SS RETURN
SS SS

Figure 3.1: Example of a parse tree and its vector state equivalent.

maximum stack depth and only allowing one new preterminal semantic concept to be
pushed onto the stack for each new input word. These constraints ensure that the size of
the underlying probability tables are linear in stack depth, number of concept labels, and
vocabulary size. Such constraints effectively limit the class of supported languages to be
right-branching. Although left-branching structures do exist in English, the majority of
sentences can be represented as right-branching structures. In addition, right-branching
structures are generally preferred because they reduce the working memory needed to
represent a sentence [99].

Note also that although any parse tree can be converted into a sequence of vector
states, it is not a one-to-one mapping and ambiguities may arise. However for the semantic
parsing task defined in this thesis, what are interested is not the exact parse tree to be
recovered, but are the concept/value pairs to be extracted. Even if there are ambiguities,
the extracted concept/value pair will be the same. For example, assuming A and B are
semantic concept labels and x and y are words, the partial parse trees B(A(x) A(y)) and
B(A(x y)) would share a common HVS representation and hence would yield the same
concept/values B.A=x and B.A=y. If the entities x and y were actually distinct, then the

preterminal labels would have to be made unique.

3.2 Definition of the HVS model

The joint probability P(N, C, W) of a series of stack shift operations N, a concept vector
sequence C, and a word sequence W can be decomposed as follows

T
P(N,C,W) = [[ P(na|W{ !, CT ") P(c:[U)IW] H, CT ) Plwe| WY1, CF) (3.1)
t=1

where
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3.2 Definition of the HVS model

° Ci denotes a sequence of vector states c¢j..c;. c¢; at word position t is a vector
of D; semantic concept labels (tags), i.e. ¢; = [¢¢[1],¢[2], .., ¢t [D¢]] where ¢[1] is
the preterminal concept immediately dominating the word w; and ¢;[Dy] is the root

concept (SS in Fig. 3.1),
° T/Vlt_lcli_1 denotes the previous semantic parse up to position t — 1,
e n; is the vector stack shift operation and takes values in the range 0, .., D;_1,

e ¢i[1] = ¢y, is the new preterminal semantic tag assigned to word w; at word position

t.

In terms of the generic model given by equation 2.18, each move has now been factored
into 3 terms: choice of how many elements to pop from the stack, the new concept label
to push onto the stack and the word to generate given the new vector state.

The stack transition from ¢t — 1 to ¢t given preterminal semantic concept tag c,, for

word w; is
all] = cu, (32)
Ct[2..Dt] = thl[(nt + 1)..Dt,1] (33)
_Dt = th]_ + 1-— ng (34)

Thus n¢ defines the number of semantic tags which will be popped off the stack before
pushing on ¢,,. The case n; = 0 corresponds to growing the stack by one element i.e.
entering a new semantic tag. The case n; = 1 corresponds to simply replacing the preter-
minal at word position t—1 by ¢,,, at word position ¢, the rest of the stack being unchanged.
The case n; > 1 corresponds to shifting the stack i.e. popping off one or more semantic
tags.

In the version of the HVS model discussed in this thesis, equation 3.1 is approximated

by

P(ng Wi, C 1) = P(ngles_1) (3.5)
P(e; 1)W1, C L ng) = P(cg[1]]et]2..Dy)) (3.6)
P(w Wi, CY) ~ P(wi|cy) (3.7)

An alternative approximation to equation 3.6 also investigated here is:
P(c[1][W{™, CT7Y ne) & Pled[1les 1) (3.8)

where the preterminal semantic tag ¢;[1] is now conditioned on the whole of the preceding

state vector rather than just that part which remains after the stack has been popped by
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3.3 Training the HVS model

n; elements. In this thesis, the system using equation 3.6 is referred to as HVS-Partial
and the system using equation 3.8 as HVS-Full. Note that if the maximum stack size is
set to 1 and ny; = 1, the HVS-Full model becomes equivalent to a conventional flat-concept

bigram model.

3.3 Training the HVS model

This section discusses training the HVS model to perform hierarchical semantic parsing.
It first describes the preprocessing steps which are needed to add lexical features to the
training data and augment the abstract annotations, then it briefly describes model ini-

tialization, and parameter re-estimation.

3.3.1 Training assumptions

Before training a statistical semantic parsing model from unannotated data, it is natural
to ask what kinds of a priori knowledge can be easily provided by the dialogue designer.

There are two obvious possibilities:

e A set of domain specific lexical classes. For example, in an air travel domain, it is
possible to group all airline names into one single class AIRLINE_NAME. Such domain
specific classes can normally be extracted automatically from the application domain

database schema.

e Abstract semantic annotation for each utterance. Such an annotation need only
list a set of valid semantic concepts and the dominance relationships between them
without considering the actual realized concept sequence or attempting to identify

explicit word/concept pairs.

The provision of abstract annotations implies that the dialogue designer must define the
semantics that are encoded in each training utterance but need not provide an utterance
level parse. It effectively defines the required input-output mapping whilst avoiding the
need for expensive tree-bank style annotations. For example, in an air travel domain, a

dialogue system designer may define the following hierarchical semantic relationships:
e FLIGHT (FROMLOC(CITY) TOLOC(CITY))
e ATRLINE(FROMLOC(CITY) TOLOC(CITY) DEPART(DAY_NAME))
e GROUND_SERVICE(CITY NAME)

e RETURN(TOLOC(CITY) ON(DATE))
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3.3 Training the HVS model

Having defined such a set of hierarchical semantic relationships, annotation is simply
a method of associating the appropriate semantics with each training utterance and does
not require any linguistic skills. For example, when building a system from scratch, a
dialogue designer can take each possible abstract schema in turn and give examples of
corresponding natural language forms, as in

RETURN(TOLOC(CITY(X)) ON(DATE(D))) —

1. T would like to return to X on D.
2. I wanna return on D to X.
3. I want to return to X on D.

Alternatively, if a corpus of representative user utterances are already available, per-
haps obtained via Wizard-of-Oz style data collection, then each utterance can easily be
tagged with the appropriate abstract annotation as in

“I want to return on Thursday to Dallas”

< RETURN(TOLOC(CITY(Dallas)) ON(DATE(Thursday)))

In the training data used for the evaluations reported later in this thesis, corpora of
real user utterances were used. Annotation was done by extracting abstract semantics
from the accompanied SQL reference queries or the available parse results by a rule-based
semantic parser which is essentially similar to the annotation method described in the
latter case.

Note finally that no assumptions are made regarding access to any syntactic informa-

tion, neither explicitly via grammar rules nor implicitly via syntactic treebank data.

3.3.2 Preprocessing

As mentioned in section 3.3.1, two kinds of a prior: knowledge are assumed to be available
or can be provided by dialogue system designers: a set of domain specific lexical classes
and abstract annotations for each training utterance.

The first step needed to train the HVS model is to replace all class members by their
corresponding class names. Where there is ambiguity, the class covering the largest span
of words is replaced first. Where a word or phrase may occur in more than one class, the
first class encountered is chosen arbitrarily. Better solutions to this problem clearly exist,
but in practice the problem is quite rare and it does not signficantly affect performance.

Recalling again the example illustrated in section 3.3.1, in the case of the HV'S model,

the abstract annotation

RETURN (TOLOC(CITY(Dallas)) ON(DATE(Thursday)))
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corresponding to the utterance “I want to return on Thursday to Dallas” would be ex-

panded to the flattened concept sequence

RETURN RETURN+TOLOC RETURN+TOLOC+CITY(Dallas) RETURN+0ON
RETURN+0ON+DATE (Thursday)

In order to cater for irrelevant input words, a DUMMY tag is allowed everywhere in pretermi-
nal positions. In order to accommodate this, the vector state sequence is finally expanded

to

RETURN RETURN+DUMMY RETURN+TOLOC RETURN+TOLOC+DUMMY
RETURN+TOLOC+CITY(Dallas) RETURN+TOLOC+CITY(Dallas)+DUMMY
RETURN+ON RETURN+0N+DUMMY RETURN+ON+DATE (Thursday)
RETURN+ON+DATE (Thursday) +DUMMY

Note that this final set of vector states only provides the set of valid semantic vector
states that can appear in the parse results of the current utterance. As explained further
below, this set is used as a constraint in the EM re-estimation algorithm. It does not
define the actual vector state transition sequence. Further note that the total number of
distinct vector states required to use the HVS model for a particular application can be
enumerated directly from this expanded vector state list.

The system only allows the DUMMY tag to appear in preterminal positions, therefore, for
consecutive irrelevant word inputs, the model will stay in the same vector state. Only when
a relevant word input is observed will the DUMMY tag together with zero or more preceding
semantic tags be popped off from the previous vector state stack and a new preterminal
tag will be pushed into the stack accordingly. For a more complex domain, it may be
useful to allow a DUMMY tag anywhere in a vector state, for example, RETURN+DUMMY+TOLOC
may also be considered as valid. The experimental results using both ways to augment

the vector states by the DUMMY state are compared in Section 3.6.3.

3.3.3 Parameter initialization

Equations 3.5 to 3.7 define the three main components of the HVS model, namely, the
stack shift operation, the push of a new preterminal semantic tag, and the selection of a
new word. Thus, each vector state is associated with three sets of probabilities: a vector
of stack shift probabilities, a vector of semantic tag probabilities, and a vector of output
probabilities. The cardinalities of these three sets of probabilities are determined by the
maximum vector state stack depth, the number of preterminal semantic tags, and the
vocabulary size, respectively. Hence, the total information required to define an HVS

model is:
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e number of distinct vector states

e number of preterminal semantic tags
e maximum vector state stack depth

e vocabulary size

e for each vector state

— state name
— stack shift operation probability vector
— tag transition probability vectors (push of a new preterminal tag)

— output probability vector

Having acquired all of the information required for a particular application domain, the
prototype topology of an HVS model can be defined. One example of such a prototype
definition is shown in Fig. 3.2 which uses a format similar to that described for HMM
definitions in the HTK Toolkit [100].

The first line of the definition contains a macro type ~o which specifies global features
of the HVS model, such as the total number of distinct vector states, number of preterminal
semantic tags, maximum stack depth, vocabulary size etc. Another macro ~h indicates
an HVS definition whose name is specified by the following string ¢ ‘hvsStk4’’. The
HVS definition is bracketed by the symbol <BeginHVS> and <EndHVS>. Parameters
associated with each vector state are enumerated within the HVS definition and are listed
following the keyword <State>. For example, a stack shift operation probability vector is
introduced by the keyword <StackOp>, a tag transition probability vector is introduced
by the keyword <TagTrans> for HVS-Partial or <TagFullTrans> for HVS-Full, and finally,
an output probability vector is introduced by the keyword <QOutput>.

It should be noted that the actual number of semantic tags kept in a vector state is
n+ 1 for the stack depth n as the root tag SS exists in all vector states. Therefore, though
the maximum stack depth is 4 in Fig. 3.2, the vector size of stack shift probabilities is 5
as can be seen from 0.200 % 5. Here, to allow efficient coding, successive repeated values
are represented as a single value plus a repeat count in the form of an asterisk followed by
an integer multiplier, e.g. 0.200 % 5 represents the probability 0.200 repeated by 5 times.

A so-called flat start is used whereby all model parameters are initially made identical.
These parameters are then iteratively refined using the EM based re-estimation procedure

described in the next section.
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~0
<NumStates> 2799
<NumTermTags> 85
<MaxStackDepth> 4
<VocabSize> 611
~h “hvsStk4”
<BeginHVS>
<State> 1
<StateName> SS
<StackOp> 0.200%5
<TagTrans> 0.015
<TagFullTrans> 0.012x85
<Output>
0.000%255 0.000%225 1.000 0.000%130
<State> 2
<StateName> SS+DUMMY
<StackOp> 0.200%5
<TagTrans> 0.015
<TagFullTrans> 0.012%85
<Output>
0.002%255 0.002%255 0.002*101
<State> 3
<StateName> SS+FLIGHT
<StackOp> 0.200%5
<TagTrans> 0.015
<TagFullTrans> 0.012%85
<Output>
0.002%255 0.002%255 0.002*101

<EndHVS>

Figure 3.2. Definition for an HVS model.

3.3.4 Parameter re-estimation

There are no explicit word level annotations in the training corpora, hence parameter
estimation based on event counts cannot be used and forward-backward estimation must
be applied instead. The same situation applies to parameter estimation on the finite-state
model which will be discussed in Section 3.5.1.3.

Let the complete set of model parameters be denoted by A\, EM-based parameter esti-
mation aims to maximize the expectation of L(A) = log P(N, C,W|\) given the observed
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data and current estimates. To do this, define the auxiliary ) function as:

Q(A\A\F) = E [log P(N, C, W|\)|W, \*]

=Y P(N,C|W,\)log P(N,C,W|\*) (3.9)
C,N

The approximation of P(N,C, W) given by equations 3.5 to 3.7 is
P(N,C,W) HP ng|ei_1)P(eg[1]|ce[2..Dy]) Pwycy) (3.10)

Substituting equation 3.10 into 3.9 and differentiating leads to the following re-estimation

formulae

Zt (nt =n,Ct 1 = CI|W, )\)

n|c 3.11
PN = 20 Plers = a0 10
> Plee =c[W,A)

1l|c[2..D 3.12
P(el1lle] D= > ¢ P(ct[2..D] = ¢[2..D]|W, \) (3.12)

> Pler = c[W, A)d(wy = w)
wlc 3.13
P(uwle) = > Pley =W, A) (3.13)

where §(w; = w) is one iff the word at time ¢ is w, otherwise it is zero.
For the HVS-Full model, equation 3.12 becomes
=c[1],¢c; 1 = ' |W, A

Zt (ct1 = c'[W, A)

The key components of equation 3.11 to 3.13 are the likelihoods P(n; = n,c;1 =
c'|W,\), P(¢[2..D] = ¢[2..D]|W, A) and P(c; = c|W, \). These can be efficiently calculated
using the forward-backward algorithm. First define the forward probability a as

ac(t) = P(wy, ws, ..., wt, ¢p = c|) (3.15)
Similarly, define the backward probability 8 as
Be(t) = P(wis1, Wey2, ..., wrlcy = ¢, A) (3.16)
Then, omitting the conditioning on W and A for clarity, the required likelihoods are

P(nt =n,Ct—1 = CI) = ac:(t — ].) . P(’I’Lt = ’I’L|Ct_1 = C,) .

Y P(c[1]je[2-D])P(wi]e)Be(t) (3.17)

{c|c/=c}
P(ci[2..D] = ¢[2..D)) = > e () Be () (3.18)
{c|e¢[2..D]=c[2..D]}
P(cy = ¢) = ac(t)Be(t) (3.19)
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Finally, the forward and backward probabilities are defined recursively as follows

ac(t) :{ 2 }ac’(t —1)P(c|c') P(w|c) (3.20)
Be(t) = { |Z ”}P(C”IC)P(wmIC”)BcH (t+1) (3.21)

where
P(c|c') = P(n*|c/)P(c[1]|c[2..D)) (3.22)

Here, n* is the value of stack shift needed to map ¢’ into c.

The notation ¢’ = ¢ denotes all valid or legal derivations from any state vector ¢’ to
the state vector c¢. This is the place where we apply the constraints on the dominance
relationships between semantic concepts as described in section 3.3.1 of the main text.

For the HVS-Full model, equation 3.12 becomes

ety = 2 Plel] = clt] eer = €W A)

1]
Yt Py 1 =c'|W,)) (3.23)

where the likelihood P(c[1] = ¢[1],ct—1 = ') is calculated as

D
P(cyf1] = ¢[l],ep 1 = ') = Zac:(t —1)P(ny = nle; 1 = c')P(c[l]|c") P(w]c)Be(t)
" (3.24)

In all of the above formulae, a single training utterance is assumed. As in the case of
regular HMMs, the extension to multiple utterances is straightforward.

During training, two constraints are applied in the estimation process:

1. For each utterance, a state transition is only allowed if both incoming and outgoing

states can be found in the corresponding semantic annotation.

2. If the observed word is a class name (such as CITY), then only semantic con-
cepts (states) which contain this class name can be associated with the word (eg
TOLOC.CITY, FROMLOC.CITY but not FROMLOC). In addition, in order to cater for ir-
relevant words, the DUMMY tag is allowed everywhere. That is, state transitions from

or to the DUMMY state are always allowed.

The following example illustrates how these two constraints are applied. Consider
again the annotation for the utterance “I want to return on Thursday to Dallas” which

was in abstract form
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RETURN RETURN+DUMMY RETURN+CITY(X) RETURN+CITY(X)+DUMMY
RETURN+DATE(D) RETURN+DATE(D)+DUMMY

The transition from RETURN+CITY(X) to RETURN is allowed since both states can be
found in the semantic annotation. However, the transition from RETURN to FLIGHT is not
allowed as FLIGHT is not listed in the semantic annotation. Also, for the lexical item X in
the training utterance, the only valid vector state is RETURN+CITY(X) since X has to be
bound with the preterminal tag CITY.

3.4 Implementation

The hierarchical semantic concepts are represented by a tree structure, an example of
such a tree is shown in Figure 3.3. As all abstract annotations begin with an SS tag
(sentence start marker), all the vector states defined by a set of semantic concepts share
the same root node. A distinct vector state can be traversed from the root node to
any of the intermediate nodes or leaf nodes. For example, the vector states are SS,
SS+FLIGHT, SS+FLIGHT+FROMLOC, and SS+FLIGHT+FROMLOC+CITY when doing

left-most travering on the semantic concept tree in Figure 3.3.

Figure 3.3: An example of hierarchical semantic concept tree.

Assume the number of distinct semantic concepts is IV and the maximum vector state
stack depth is D, then the fully populated HVS model state space is defined by NP.
Usually, N takes the order of 10? and D will be at least 3 or 4 to be useful. The complete
state space is therefore very large. In practice, only those vector states that appear in
the training data are stored. The probabilities of unseen states are then computed using
back-off or smoothing. In the implementation here, the vector states are stored in linked

lists which are illustrated in Figure 3.4.
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3.4 Implementation

Root Node
tagld | | tA0ld |
stateld stateld
index index
numChild numcChild
para para
parent LN_| parent
child || child
next next
L Node Node
tagld | tagld
stateld stateld
index index
numcChild numChild
para para
parent parent | |
child child
next | M\ next

Figure 3.4: Linked lists of vector states.

Each node has the same data structure with the root points to the node containing SS.
The tagld stores the semantic concept name of the current node, examples include FROM-
LOC, CITY, TIME etc. The stateld stores the vector state name which contains all the se-
mantic concept names traversing from the root to the current node, for example, the stateld
of the left-most leaf node in Figure 3.3 would store “SS+FLIGHT+FROMLOC+CITY”.
The index and termldx are symbolic representations of the current vector state and seman-
tic concept respectively and normally take integer values. The numChild field stores the
total number of immediate child concepts. For example, in Figure 3.3, numChild will be 3
for the SS node. There are three pointers defined in each node. The parent pointer points
to the immediate predecessor of the current node, the child pointers points to the first
child in the lower level of the semantic concept tree, and finally, the next pointer links to
other nodes in the same tree level. For example, for the FLIGHT node in Figure 3.3, its

parent points to the SS node, child points to the FROMLOC node, and next points to the
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AIRFARE node.

There is also a para field in each node. It points to a data structure that stores param-
eters to be estimated during EM training, which are the stack shift operation probability,
the tag transition probability, and the output probability as specified in Figure 3.2.

3.5 Experimental evaluation

In order to assess the performance of the HVS model, a finite-state tagger (FST) has been
built as a baseline for comparison. Section 3.5.1 describes the structure, parameter estima-
tion, and training procedures of the FST model. Section 3.5.2 presents the experimental

setup on the ATIS corpus and the DARPA Communicator data.

3.5.1 Baseline - finite-state semantic model

This section briefly describes a general finite-state tagger (FST) of the type used in
CHRONUS [32] mentioned in section 2.2.1.

3.5.1.1 Overview of the FST model

An FST model treats the generation of a spoken sentence as an HMM-like process whose
hidden states correspond to semantic concepts and outputs correspond to individual words
in the utterance. Fig. 3.5 shows an example of a parse C' output using an FST model. Each
word is tagged with a single discrete semantic concept label and the utterance is enclosed
by sentence start and end markers, sent_start and sent_end, to enable the prediction of
the first and last word in the utterance. The corresponding semantic tags for them are SS
and SE respectively.

> R IO T U >

sent_startl: show mell flightsC ~ fromJ Boston to] New Yorkiisent_end']

Figure 3.5: An example of finite-state tagger parse result.

Note that if required, the output of the FST can be trivially converted to a well-formed
parse tree simply by adding a sentence tag dominating all FST state tags.

3.5.1.2 Definition of the FST model
For a general FST model,

1. assume a sentence is represented by a word sequence W = (wjy - - - wr) where w; € V,

V denotes the vocabulary;
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2. assume each word w; in a sentence is tagged with one semantic concept label ¢, the
corresponding tag sequence is C' = (c¢y -+ - cr) where ¢; € T, T denotes the semantic

concept space;

3. the FST model can then compute the required joint distribution P(W, C) as follows
where each move d; in the generic form of equation 2.18 is realised by first generating
a concept label ¢; given the concept history and then generating the corresponding
word w; given ¢; and the word history:

T

T
P(WI|C)P(C) = [[ P(wilwi—1 -+ wy, ) [ Plecler—v - 1) (3.25)
t=1 t=1

In practice, following equation 2.19, the history is truncated to be of finite length:

T T
P(WI|C)P(C) ~ [[ P(wilwe 1+ winy1, ) [[ Plecler1-+coome1)  (3.26)

t=1 t=1
If n =1 and m = 2, this becomes a conventional first order Markov model with words
modelled as a unigram conditioned on the semantic concept ¢; and state transitions given

by concept bigram probabilities.

3.5.1.3 Training the FST model

Similar to the training of the HVS model, the training procedure for an FST model
also consists of three steps: preprocessing, parameter initialization, and parameter re-
estimation.

The preprocessing step first replaces class members found in the training utterances
with their corresponding class names. The abstract annotation associated with each ut-
terance is then expanded to form a sequence of concept labels. Note that the abstract
annotations for the FST model do not provide any hierarchical dominance relationships,
they simply list out valid semantic concepts that can appear in the parse results. Further-
more, as in the example below, the order of the concept labels is not necessarily monotonic
relative to the actual word order.

For example, the abstract annotation
RETURN (TOLOC(CITY(Dallas)) ON(DATE(Thursday)))

mentioned in section 3.3.1 corresponding to the utterance “I want to return on Thursday

to Dallas” would be expanded to the concept sequence !

!Note that in practice compound semantic concepts such as TOLOC.CITY are used instead of the atomic
semantic tags TOLOC and CITY assumed by the pure model illustrated in Fig. 3.5. These compounds are
limited to those which can be derived directly from the database schema and their use is a heuristic needed
to make the FST model work acceptably well in practical systems. The HVS model needs no such heuristic.
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RETURN TOLOC TOLOC.CITY ON ON.DATE

The parameters of the FST model include output vectors for each state and a state
transition matrix. The size of the semantic concept space determines the total number of
distinct states whilst the vocabulary size determines the output vector size. The parameter
wnitialization step simply initializes all of the parameters to be identical.

Finally, the parameter re-estimation step uses the forward-backward algorithm to esti-
mate parameters. Note that this is different from CHRONUS where maximum likelihood
estimation based on relative frequency counts on a fully annotated ATIS training set was
used. There are no explicit word level annotations in the training corpora, hence as men-
tioned in Section 3.3.4, forward-backward estimation must be applied instead of parameter
estimation based on event counts. Two constraints are applied during the estimation pro-
cess. First, for each utterance, a state transition is only allowed if both incoming and
outgoing states can be found in the corresponding semantic annotation. Second, if the
observed word is a class name (such as CITY), then only semantic concepts (states) which
contain this class name can be associated with the word (eg TOLOC.CITY, FROMLOC.CITY
but not FROMLOC). In addition, in order to cater for irrelevant words, the DUMMY tag is
allowed everywhere. That is, state transitions from or to the DUMMY state are always

allowed.

3.5.2 Experimental Setup

Experiments have been conducted on a relatively simple corpus - ATIS [20] which contains
air travel information data, and a more complex corpus - DARPA Communicator Travel
Data [21] which contains not only air travel related data but also information on hotel
reservation, car rental etc. The ATIS training set consists of 4978 utterances selected from
the Class A (context independent) training data in the ATIS-2 and ATIS-3 corpora whilst
the ATIS test set contains both the ATIS-3 NOV93 and DEC94 datasets. The DARPA
Communicator Travel Data are available to the public as open source download. The data
contain utterance transcriptions and the semantic parse results from the Phoenix parser
[101]. These parse results were hand corrected and then used to generate both the abstract
training annotations and the test set reference results for the experiments. Table 3.1 gives
the overall statistics of both ATIS and DARPA data.

In order to evaluate the performance of the model, a reference frame structure was

derived for every test set utterance consisting of slot/value pairs. An example of such a

reference frame is:
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Table 3.1: Statistics of the ATIS and DARPA Communicator Data

No. of Utterances

Dataset Training Set Test Set

ATIS 4978 448 (NOV93)
445 (DEC9%4)

DARPA Communicator Data 12702 1178

Show me flights from Boston to New York.
Frame: FLIGHT
Slots: FROMLOC.CITY = Boston

TOLOC.CITY = New York

Performance was then measured in terms of F-measure on slot/value pairs [102], which

combines the precision (P) and recall (R) values with equal weight and is defined as

2PR
F = 3.27
P+R ( )

Various smoothing techniques have been tested and it was found that linear discounting
for transition probabilities and Good-Turing for output probabilities yielded the best result
for the FST model, whereas Witten-Bell for vector state stack operation probabilities, push
of a new preterminal tag, and output probabilities achieve the highest F-measure score
for the HV'S model [33; 103].

3.5.2.1 ATIS

A set of 30 domain-specific lexical classes were extracted from the ATIS-3 database as
listed in Table 3.2 which contains the complete set of lexical classes extracted from both
ATITS and DARPA Communicator corpora. The training data was then preprocessed to
replace class members by their corresponding class names as described in sections 3.3.1 and
3.5.1.3. Abstract semantics for each training utterance were derived semi-automatically
from the SQL queries provided in ATIS-3.

After the parse results have been generated for the test sets, post-processing is required
to extract relevant slot/value pairs and convert them into a format compatible with the
reference frames. This post-processing depends on a pre-defined list of semantic tags to
be ignored, examples of which include the sentence start/end markers, the DUMMY tag, the
tags about departure and arrival indicators such as FROMLOC, TOLOC, DEPART, ARRIVE

etc. The extraction of slot/value pairs from parse results then follows the rules below:
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Table 3.2: Lexical classes extracted from ATIS and DARPA Communicator data

Corpus Lexical Classes
ATIS aircraft_code, airline_code, airline name, airport_code, airport_name,
city_code, city_name, class_type, cost_relative, country_name,
day_name, day_number, days_code, fare_basis_code, flight_mod,
flight_stop, flight_time, manufacturer, meal code, meal _description,
month_name, period_of_day, restriction_code, round_trip, state_code,
state_name, time, today_relative, transport_type, year

DARPA  airline_name, airport_code, airport_name, city_name, continent_name,
country_name, day_name, day_number, hotel_ name, month_name,
period_of_day, rental_company, rental_type, round_trip, state_name,
time, today_relative, year

e ignore the vector state if its preterminal tag is in the tag ignore list;

e if a preterminal tag is about location or date/time, then search the indicators of
departure or arrival in its corresponding vector state in a bottom-up manner, extract

the first encountered indicator tag;

e for all other vector states, only extract preterminal tags, e.g., for the word flight

which is tagged as SS+FLIGHT, the extracted slot/value pair is FLIGHT=f1light.

Note that in the slot/value pairs extraction rules described above, essentially only the
semantic tag ignore list needs to be built manually, which is relatively straightforward as
the number of preterminal semantic tags for any particular task is normally limited. For
example, in the experimental work reported here, there are only 85 preterminal tags for
the ATIS corpus and 65 preterminal tags for the DARPA Communicator data. Hence, it
is easy to identify those tags to be ignored.

Taking the HVS parse result shown in Fig. 3.8 as an example, the vector state asso-
ciated with the word Denver is SS+FLIGHT+ARRIVE+FROMLOC+CITY, the preterminal tag
CITY indicates that Denver is a location and the vector state has two location indicators
ARRIVE and FROMLOC. However, only FROMLOC will be extracted as it is the first indica-
tor found by the system when the vector state is scanned from pre-terminal tag back up
towards the root tag. Therefore, the slot/value pair extracted will be FROMLOC.CITY =

Denver. The full list of slots extracted in this example would be:

FLIGHT = flight
ARRIVE.CITY = Burbank
FROMLOC.CITY = Denver
ARRIVE.DAY_NAME = saturday
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3.5.2.2 DARPA Communicator Travel Data

The DARPA Communicator Travel Data were collected in 461 days and consist of 2211
dialogues or 38408 utterances in total. From these, 46 days were randomly selected for
use as test set data and the remainder were used for training. As the data provided
contain only utterances from the user’s side of the conversation, there exist some seemingly
meaningless utterances such as “No, thank you”, “Yes, please” etc., which were classified
as “Respond” class in the reference annotations generated by the Phoenix parser. These
utterances plus short backchannel utterances for which “No Parse” could be found have no
defined semantics outside of an interactive dialogue context and hence have been excluded.
The statistics of the DARPA Communicator Travel Data are shown in Table 3.3. After
cleaning up the data, the training set consists of 12702 utterances while the test set

contains 1178 utterances.

Table 3.3: Statistics of the DARPA Communicator Travel Data

Criteria Training Set Test Set
Collection dates 415 46
Total utterance number 35531 2877
Utt. number after removing “No Parse” 29947 2442
Utt. number after further removing “Respond” 13060 1192
Utt. number after further removing “no slots extracted” 12702 1178

A set of 18 domain-specific lexical classes were extracted from the DARPA Communi-
cator database. As mentioned earlier, the abstract annotations used for training and the
reference annotations needed for testing were derived by hand correcting the Phoenix parse
results. It should be emphasised here that the use of the Phoenix parser for generating
the abstract training annotations was purely a matter of convenience. If the parser had
not been available, it would have been straightforward to manually generate the abstract
annotations using a simple annotation tool. It would certainly have taken far less time to

do this, than it would have taken to provide detailed treebank annotations.

3.6 Experimental results

The performance of the HVS model was evaluated using both the ATIS and the DARPA
Communicator corpora. The performance of the FST model on the same data was also
evaluated to provide a baseline for comparison. The following sections present the evalu-

ation results in detail.
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3.6.1 Evaluation of the FST baseline system

The FST model was implemented according to equation 3.25 and experiments were con-
ducted to find the best values for n and m where n € (1,2) and m € (2,3). The results
listed in Table 3.4 indicate that the first order FST model (n = 1,m = 2) gives the best
performance results on both the ATIS and DARPA Communicator Travel Task corpora,

this model was therefore chosen as the baseline system for subsequent experiments.

Table 3.4: Performance Comparison of FST model on various language modelling tech-
niques on ATIS and DARPA Communicator data

Lang. Model ATIS DARPA Communicator
States Outputs Recall  Preciston F-measure Recall  Precistion F-measure
bigram  unigram 86.71%  84.84% 85.77% 82.94%  82.34% 82.64%
bigram  bigram 74.72%  67.55% 70.95% 68.52%  77.39% 72.68%
trigram  unigram 62.15%  64.33% 62.59% 71.70%  59.90% 65.27%
trigram  bigram 61.32%  56.51% 58.81% 49.68%  46.69% 48.14%

3.6.2 Comparison of the HVS model with the FST model

Experiments have been conducted using the FST model, the HVS-Partial model, and the
HVS-Full model and the results are listed in Table 3.5. Both HVS models outperform the
FST model, with HVS-Partial improving on the FST model by 4.1% for a simple corpus
like ATIS and 6.6% for the more complex DARPA Communicator Travel corpus.

The DARPA Communicator data contains a large number of short utterances due
to short responses to system queries. For example, if the system asks “What time do
you want to leave Denver”, the user may simply answer “In the morning”. Among 1178
test utterances, 847 utterances have length less than five words, while 8516 out of 12702

training utterances contain only four or less words. Table 3.6 gives results partitioned by

Table 3.5: Performance comparison of FST, HVS-Partial and HVS-Full models on ATIS
and DARPA data

ATIS DARPA Communicator

HVS HVS HVS HVS

Measurement ~ FST  (Partial)  (Full) FST  (Partial)  (Full)
Recall 86.71%  90.21%  85.99% 82.94% 87.31% 84.30%
Precision 84.84%  92.00%  88.08% 82.34% 88.84%  89.26%
F-measure 85.77%  91.10%  87.02% 82.64% 88.07% 86.71%
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utterance length. These results show that the performance of the FST and HVS model do
degrade with utterance length. The HVS-Partial model outperforms the FST model by
4.9% for short utterances and 9.6% for long utterances. From the above, we can conclude
that the HVS model always outperforms the FST model and the improvement increases

with more complex data and longer sentences.

Table 3.6: Performance comparison of FST, HVS-Partial and HVS-Full models on long
and short utterances in DARPA Communicator corpus

Utterance length <= 4 (847) Utterance length > 4 (331)

HVS HVS HVS HVS
Measurement ~ FST  (Partial) (Full) FST  (Partial) (Full)
Recall 88.42%  92.01% 90.07% 74.16%  79.74% 75.09%
Precision 91.57%  96.78% 96.63% 69.31%  77.40% 78.09%
F-measure 89.97%  94.33% 93.24% 71.65%  78.56% 76.56%

3.6.3 Comparison of the HVS models with DUMMY insertion

As mentioned in Section 3.3.2 that all the vector states in the abstract annotations are
augmented by the DUMMY tag prior to training. The DUMMY tag may be appended at the
end of each vector state or inserted between any two semantic tags in one vector state.
An example of the former is SS+FROMLOC+CITY_NAME+DUMMY whilst an example of the
latter is SS+DUMMY+FROMLOC+DUMMY+CITY NAME. It is obvious that inserting the DUMMY tag
everywhere in the vector states makes the HVS model more complicated as the state space
would be enlarged. However, parse accuracy might be improved as more search path
hypotheses would be available and the chances of getting the correct parse tree might
be increased. Thus, there is a trade-off between the model complexity and the parse
accuracy. Experiments have been conducted to compare the results of these two kinds of
augmentation of the DUMMY tag, which are denoted as DUMMY-tail and DUMMY-all in
Table 3.7.

It can be observed from Table 3.7 that there is no significant difference for the ATIS
corpus. However, the model trained using DUMMY-all performs better than that using
DUMMY-tail for the DARPA data. Further experiments have been conducted on the long
and short utterances in the DARPA data and the results are shown in Table 3.8. The HVS
model trained using either DUMMY-tail or DUMMY-all performs almost the same for the
short utterances. But the model trained using DUMMY-all gives much better results for

the long utterances due to significantly increased precision. Error analysis shows that the
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Table 3.7: Performance comparison of HVS models on ATIS and DARPA data using
different augmentation of the DUMMY tag

ATIS DARPA Communicator
Measurement DUMMY-tail DUMMY-all DUMMY-tail DUMMY-all
Recall 90.21% 89.66% 87.31% 88.03%
Precision 92.00% 91.85% 88.84% 92.76%
F-measure 91.10% 90.76% 88.07% 90.34%

DUMMY-all model is able to filter out irrelavent input words more naturally. For ex-
ample, for the utterance I don’t want to leave Durham, the parse results given by the

DUMMY-tail and DUMMY-all models are illustrated in Figure 3.6 and 3.7 respectively.

SS
DEPART
QUMMY> |
sent start [ don't want to leave Durham sent enc

Figure 3.6: Parse results given by the DUMMY-tail model.

The extracted slot/value pairs for these two models are
DUMMY-tail—
DEPART.MONTH.NAME = want, DEPART.CITYNAME = Durham
DUMMY-all—
NEGATIVE = don’t, DEPART.CITY NAME = Durham
For this utterance, the F-measure value given by the DUMMY-tail model and the DUMMY-

all model is 0.5 and 1 respectively.

3.6.4 Comparative parse examples generated by the FST and HVS mod-
els

The ability of the HVS model to represent hierarchical structure is illustrated in the parse
examples given in Fig. 3.8 which have been extracted from the ATIS test results. It is clear
that saturday has the strongest correlation with the phrase arrives in and should be
interpreted as ARRIVE DATE. However, such long distance dependency requires at least 5-
grams to capture, which is beyond the range of the FST. As a consequence, the FST model
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< bumMmy ">

NEGATIVE

sent start I don't want to leave Durham sent enc

Figure 3.7: Parse results given by the DUMMY-all model.

Table 3.8: Performance comparison of HVS models on long and short utterances in
DARPA Communicator corpus using different augmentation of the DUMMY tag

Utterance length <= 4 (847) Utterance length > 4 (331)

Measurement DUMMY-tail DUMMY-all DUMMY-tail DUMMY-all
Recall 92.01% 91.78% 79.74% 81.96%
Precision 96.78% 96.85% 77.40% 86.38%
F-measure 94.33% 94.25% 78.56% 84.11%

erroneously tagged saturday as DEPARTURE DATE since it follows FROMLOC. ON. In contrast,
the HV'S model was able to reproduce the hierarchical structure of the utterance. It carried
forward the ARRIVE context in the stack and thereby properly interpreted saturday as an
ARRIVE DATE.

3.6.5 Optimal vector stack depth

The stack depth in the HVS models determines the number of previous semantic tags
which can be encoded as historical context. Figure 3.9 shows the variation of system
performance as a function of the maximum stack depth where solid lines represent the
F-measure of the ATIS test set and dashed lines represent the F-measure for the DARPA
test data'. The HVS-Partial model always outperforms the HVS-Full model for both
ATIS corpus and DARPA travel data. The optimal stack depth is 4 for both HVS models
and this is consistent with the hierarchical complexity of the abstract semantic concepts

defined in the training utterances.

!Note here the actual number of semantic tags kept in a vector state is n + 1 for the stack depth n as
the root tag SS9 exists in all vector states
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FST Parse Result

@ COITYD COND <DAY_NAMED @

sent_startCIwhich(! flights(1arrive in[1Burbank( fromDenver on[] saturday(lsent_end’

HVS Parse Result

NTET=EDL

D
sent_start whichUflights CDarrivellinl1 - Burbankfrom—Denverl  on[ saturday’] sent_end!(]

Figure 3.8: Comparison of parses generated by the FST and HVS models.

As mentioned in section 3.2, theoretically, the HVS-Full model with stack depth 1
should be analogous to the FST model with bigram state transitions. However, it can be
seen that in fact the F-measure of HVS-Full is 0.38 and 0.58 for ATIS and DARPA data
respectively, whereas the F-measure values for the FST model are 0.86 and 0.83. The
relatively improved performance of the FST model is a consequence of using compound
semantic concepts in the FST model (eg TOLOC.CITY instead of the atomic semantic tags
assumed by the pure model). This use of compound tags is a heuristic needed to make
the FST model work acceptably well in practical systems. The HVS model needs no such

a heuristic.

3.6.6 Model complexity

Another interesting issue is the number of free parameters in each model. This is related
to the total number of distinct states, the number of preterminal tags, and the vocabulary
size. Table 3.9 gives the relevant statistics for the FST model and HVS models of stack
depth 4. Although the state space for the HVS model is large relative to the FST model,
the possible transitions between any two states are constrained by the maximum depth
of the vector state stack and the condition that only one new semantic tag can be added
per input word. Note also that although the FST has far fewer parameters than the HVS
model, it cannot be claimed that it is being unnecessarily handicapped in the comparison
with the HVS model since, as shown in section 3.6.1, the simple expedient of increasing
the history lengths in the FST model to take advantage of more free parameters does not

yield any improvement in performance.
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Figure 3.9: Slot F-measure vs stack depth.

3.7 Conclusions

The major problem of building a statistical model for semantic processing is how to collect
large quantities of training data in order to reliably estimate model parameters. In general,
fully annotated tree-bank data are not available for most applications. An ideal situation
would be where the initial training data could be easily provided by the dialogue designer
and where the semantic parsing model could be trained directly from unannotated data in

a constrained way whilst at the same time being able to capture the underlying hierarchical

Table 3.9: Statistics of model parameters.

ATIS DARPA Communicator
HVS HVS HVS HVS
Model Parameters FST  (Partial)  (Full) FST  (Partial)  (Full)
No. of states 120 2799 2799 111 705 705
No. of preterminal tags 120 85 85 111 65 65
Vocabulary size 611 611 611 612 612 612
Total parameters 87720 1726983 1962099 80253 435690 480810

63


figure/atis_cu_fvsStk.eps

3.7 Conclusions

semantic structures. This is the motivation underlying the interest in the Hidden Vector
State (HVS) model.

In this chapter, a baseline Finite State Tagger (FST) model and two variants of the
HVS model have been built and tested on the ATIS and DARPA Communicator Travel
Data. The experimental results have shown that these models can be trained directly
from the abstract semantics without the use of word-level annotations. However, unlike
the FST, the HVS model is able to capture hierarchical structure in the semantics. Fur-
thermore it can do this without incurring the computational tractability issues inherent

in fully recursive models such as the hierarchical HMM.
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Chapter 4

Dialogue Act Decoding using
Tree-Augmented Naive Bayes
Networks

Bayesian networks or belief networks (BNs) can be viewed as directed probabilistic graph-
ical models where nodes represent random variables, and arcs represent conditional inde-
pendence assumptions. In addition to the graph structure or network topology, network
parameters need to be specified by a Conditional Probability Distribution (CPD) at each
node. If the variables are discrete, this CPD can be represented as a table (CPT), which
lists the probability that the child node takes on each of its different values for each
combination of values of its parents.

As discussed in Chapter 2, evaluating BNs is in general NP-hard [91] and therefore
there is a trade-off between capturing all conditioning context and efficiently evaluating
BNs. One restricted class of BNs is Naive Bayes classifier where all attribute nodes
are assumed conditionally independent given the class node. Evaluation can then be
solved in linear time. A natural extension of Naive Bayes Networks, Tree-Augmented
Naive Bayes networks (TAN) [18], relax this conditional independence assumption by
allowing dependency links between attributes. It was reported that TAN maintains the
robustness and computational complexity of Naive Bayes, and at the same time displays
better accuracy [18]. Thus, the TAN networks are explored for dialogue act detection in
this research.

The basic Naive Bayes classifier learns from training data the conditional probability of
each semantic concept C; given the goal G, ', P(C;|G,). Classification is done by picking
the goal with the highest posterior probability of G, given the particular instance of

LCapital letters such as C,G are used for variable names, and lowercase letters such as c, g are used
to denote specific value taken by those variables. Sets of variables are denoted by boldface capital letters
such as C, G, and assignments of values to the variables in these sets are denoted by boldface lowercase
letters ¢, g.



4.1 Training of TAN Networks

concepts C; -+ - Cp, P(Gy|Cy -+ - Cy). The strong independence assumption made in Naive
Bayes networks is that all the concepts C; are conditionally independent given the value of
the goal G,,. TAN networks relax this independence assumption by allowing dependencies
between concepts. They are however still a restricted family of Bayesian networks since
the goal variable has no parents and each concept has as parent the goal variable and at
most one other concept. An example of such a network is given in Figure 4.1 where each

concept may have one augmenting edge pointing to it.

P(Cs|Gy) P(C3|Gy, C2)
Figure 4.1: Example of a Tree-Augmented Naive Bayes Network.

In the dialog act decoder discussed here, one TAN was used for each goal and the
semantic concepts which serve as input to each TAN were selected based on the mutual
information (MI) between the goal and the concept. Dependencies between concepts were
then added based on the conditional mutual information (CMI) between concepts given
the goal.

The rest of the chapter is organized as follows. Training of the TAN networks is
described in section 4.1, followed by a discussion of inference procedures in section 4.2.
Finally, the experimental setup and evaluation results using TAN networks for dialogue

act decoding are described in sections 4.3 and 4.4 respectively.

4.1 Training of TAN Networks

A TAN network can be fully specified by its topology and CPD at each node. Training
therefore encompasses these two aspects, topology learning and parameter learning. The

following describes each of them in detail.
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4.1 Training of TAN Networks

4.1.1 Topology Learning

1. Select the top n semantic concepts based on the MI value between
the concept C; and the goal Gy, MI¢,.q,), where

P(C:|Gu)

MIc,c,) = Y. P(CqGy) - log PG

Cz,Gu

(4.1)

The optimal value of n is determined experimentally as will be shown
in section 4.4.1.

2. Compute CMIc,.c,|a,) between each pair of concepts, = # y.
P(Cy, Cy|Gy)
(Ce|Gu) P(Cy|Gu)
(4.2)

CMI(CaﬂCy‘Gu) = Z P(Cv’ﬂ7 C’y7 Gu) : log P
Cz,Cy,Guy

3. Build a fully connected undirected graph in which the vertices are the
concepts Cq,--- ,Cp. Annotate the weight of an edge connecting C,
to Cy by CMI(CE;C“GH)'

4. Build a maximum weighted spanning tree which is a spanning tree of
a weighted connected graph such that the sum of the weights of the
edges in the tree is maximum.

5. Transform the resulting undirected tree to a directed one by choosing
a root variable and setting the direction of all edges to be outward
from it.

6. Construct a TAN model by adding a vertex labelled by G, and adding
an arc from G, to each C,.

Figure. 4.2. Procedure for building a TAN network.

The procedure for building a TAN network for a goal G, is based on the well-known
Chow-Liu algorithm [104] except that instead of using the mutual information (MI) be-
tween two concepts, conditional mutual information (CMI) between concepts given the
goal variable is used. The procedure is summarized in Figure 4.2.

In the TAN approach proposed by Friedman et al., it is assumed that all the attribute
nodes (or concept nodes here) are fully connected. This may force dependencies between
random variables in the network which are in fact statistically independent and thus de-
grades TAN network performance. Therefore, such a constraint is relaxed here. There are

many ways to relax this constraint. One simple approach is only keeping the dependency
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4.1 Training of TAN Networks

links between concept nodes if the CMI between them is greater than certain threshold.
A more formal approach is to add dependency links if they result in an increase of the

quality measure of the network topology [105], which is described in Figure 4.3.

1. Compute CM (¢, c,|c,) Petween each pair of concepts {Cy, Cy}, = #
y, add undirected edges between C, and Cy to a graph, and annotate
the weight of the edge by CMI(c,.c,|c.)-

2. Build a maximum weighted spanning tree A.

3. Sort the edges in the tree A in descending order according to the
weights.

4. Construct a network B by adding the goal vertex G, and its corre-
sponding concepts vertices {C1,Cs,--- ,Cp}. Also add an arc from
G, to each C, in the network B.

5. For each sorted edge in A, add it to the network B. Compute the
network quality measure score for B given a training data set D,
Q(B, D). If this score increases compared to the one computed for
the previous network topology, then keep the edge; else, remove this
edge.

Figure. 4.3. Procedure of adding dependency links.

Let D be training data and S be a Bayesian network structure, a quality value that is
function of the posteriori probability distribution P(S|D) can be assigned to each network.
Such values can then be used to rank Bayesian network structures, this is Bayesian quality
measure. Quite a number of methods for Bayesian quality measure have been proposed
[106; 107; 108]. The Bayesian Dirichlet (BD) metric [107] has been used here because it

has the lowest numerical complexity [105].
G i
[

h D) = 1o hy L o I'(oy5) o (o + Nijx)
Q(S", D) =log P(S )+;[;1 B o + Nr) +kZ:1 E Tam) I (43)

where

o S denotes the hypothesis that the training data D is generated by network structure
S;

e n is the total number of training cases, ¢; is the number of parent configurations of
variable C; and r; is the number of configurations of variable C;, i.e. ¢; = HCjGch rj

where II¢, denotes the parents of Cj;
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4.1 Training of TAN Networks

e Njji is the number of cases in D where the random variable Cj is in configuration k
and its parents, II¢;, are in configuration j, N;; is the number of cases in D where

parents of the random variable C; are in configuration j, i.e. N;; = 221:1 Nijk;

e «;j; is the parameter of the associated Dirichlet prior of 6;;, the distribution of the
variable C; in configuration k and its parents, II¢; in configuration j, aij; = > 1% ; @ijik

and a;j > 0;

e I' is the gamma function
o¢]
[(z) = / t*~letdt (4.4)
0

Lonczos’ approximation of function log I'(z) [109] is used in the implementation here.

In practice, the prior network structure probability P(S") is unknown and assumed to
be constant over all possible network structures S*.

As mentioned in section 2.3.1.1, Meng’s work used the minimum description length
(MDL) metric to learn the network topology. The MDL scoring function is in fact an
approximation of the BD metric. As the number of training cases tends to infinity, MDL
would give the same score as the BD metric, assuming Dirichlet distribution with uniform

priors on network structures [110].

4.1.2 Parameter Learning

Consider a finite set U = Cy, -+ , Cy, G, where the variables Cy,--- , C,, are the semantic
concepts and G is the goal variable. Formally, a Bayesian network for U is a pair B =
(S,©), where S is a directed acyclic graph (DAG) (such as figure 4.1) whose vertices
correspond to the variables, C1,--- , C,, G, and whose edges represent direct dependencies
between the variables, © represents the set of parameters that quantify the network. It
contains a parameter Qcim% = Pp(c;|IL,,) for each possible value ¢; of C; and II., of Il¢;,
where II¢; denotes the set of parents of C; in U. Since the goal variable G is the root,
I[I¢ = ©@. A Bayesian network B defines a unique joint probability distribution over U
given by

Pp(C1,---,Cn, Q) = P(G) [ [ Pa(Cillle;) = P(G) [ ] bcym, (4.5)
=1 1=1

The TAN parameters can be estimated as 8(c|II.) = Pp(c|II.) where Pp(-) denotes the
empirical distribution defined by frequencies of events in a training data set D, namely,
Pp(A) = %E] d4(uy) for each event A C u, where d4(u) =1ifu € A and d4(u) =0

otherwise. Here, N is the total number of training instances. It has been shown in [18] that
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4.2 Inference in TAN networks

the above estimation leads to “overfitting” the model and is unreliable especially in small
data sets due to many unseen events. Friedman et al. proposed to estimate parameters
by incorporating the Dirichlet probability distribution which in fact performs a smooth
operation [111]. In the context of learning Bayesian networks, a different Dirichlet prior
may be used for each distribution of a random variable C; given a particular value of its

parents. Thus,

N - Pp(IL,)

N Pp(Il) + NOpp

0
Nc|Hc ~

N o (ll) 1 N0y, Pp(c) (4.6)

6* (c|IL,) Pp(c|TL) +
where N is the total number of training instances, NCO‘HC is the confidence associated
with the prior estimate of P(c|II.). This application of Dirichlet priors mainly affects
the estimation in those parts of the conditional probability table that are rarely seen in
the training data. In the application here, NCO‘HC is set to be the same for all probability

distributions and its optimal value is determined experimentally.

4.2 Inference in TAN networks

A method called Probability Propagation in Trees of Clusters (PPTC) [112; 113] is used
to compute the probability P(G, = ¢g|C = ¢) where g is a value of a variable G,, and c is
an assignment of values to a set of variable C. PPTC works in two steps, first converting
a TAN network into a secondary structure called a junction tree, then computing the

probabilities of interest by operating on the junction tree.

Graphical Propagation

i T H i .. . . i g i
Bayesian ransiormation |y - ion Treq 'Mitialization || neng gt | (MESSATRPASING) | oo

Network ™ Structure " | Junction Tree " lunction Tred

Marginalization

P(Gu)

Figure 4.4: Procedure of the PPTC algorithm.

Figure 4.4 gives the overall procedure of the PPTC algorithm. It contains the following
steps:

1. Graphical Transformation. Transform the directed acyclic graph (DAG) of a Baysian

network into a junction tree.

2. Initialization. Quantify the junction tree with belief potentials, where the potential
®¢c of a set of variables C is defined as a function that maps each instantiation c
into a nonnegative real number ®c(c) — R. The result is an inconsistent junction

tree.
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4.3 Experimental Setup

3. Global Propagation. Perform message passing on the junction tree potentials such
that all the potentials are locally consistent, which results in a consistent junction

tree.

4. Marginalization. From the consistent junction tree, compute P(G,) for each goal
Gy.

Each of the above steps are explained in detail in Appendix A.

4.3 Experimental Setup

Experiments have been conducted on both the ATIS corpus and the DARPA Communi-
cator Travel Data. Two sets of TAN networks were therefore trained on them separately.

The trained TAN networks are stored in model definition files as illustrated in Appendix
B.

4.3.1 ATIS

For the ATIS corpus, altogether 4978 training utterances were selected from the Class
A (context-independent) training data in the ATIS-2 and ATIS-3 corpora and both the
ATIS-3 NOV93 and DEC94 datasets were used as the test sets. Each training utterance

contains a goal and a set of semantic concepts. For example,

show flights between toronto and san francisco
Goal : FLIGHT
Concepts: FLIGHT FROMLOC.CITY_NAME TOLOC.CITY_NAME

Performance was measured in terms of goal detection accuracy, which is calculated as
the number of correctly detected goals divided by the total number of utterance goals.
The semantic concepts of each utterance were derived semi-automatically from the SQL
queries provided in ATIS. There are in total 68 distinct concepts. 16 goals were defined
by enumerating the key attribute to be fetched from each SQL query, which are listed in
Table 4.1.

4.3.2 DARPA Communicator Travel Data

Similar to what has been described in section 3.5.2.2, the DARPA Communicator training
set contains 12702 utterances while the test set consists of 1178 utterances. The Phoenix
parse result for each utterance was transformed into a frame structure which consists of
a goal and a number of semantic concepts and these frames were then manually checked

and corrected. There are in total 105 distinct concepts. The Phoenix parser defines only
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4.4 Experimental Results

six topics or goals for the DARPA Communiator data: Air, Car, Hotel, Query, Respond,
Return. The goal Air is rather too broad so this was further divided into sub-classes such
as Date_Time, Location, Origin, Destination, Depart_Time, Return_Time etc. After this

refinement, 16 goals in total were defined which are listed in Table 4.1.

Data Set  Goals

ATIS abbreviation, aircraft, airfare, airline, airport, airport_distance, city,
class_service, flight, flight_distance, flight_no, ground service, location,
meal, quantity, restriction

DARPA  air, airline, airport, arrive_time, car, city, date_time, depart, depart_time,
destination, fare, flight_time, hotel, origin, return_time, stop

Table 4.1: Goals defined for ATIS and DARPA Communicator Data.

4.4 Experimental Results

This section presents experimental results for both the ATIS and DARPA Communicator
corpora using TAN networks for dialogue act decoding. Naive Bayes networks and neural
networks have also been trained and evaluated on the same data to provide baselines for

performance comparison.

4.4.1 Optimal Number of Semantic Concepts

As noted earlier in section 4.1, the input concepts to the TAN networks are selected based
on the MI value between each concept and the goal of the corresponding TAN network.
The number of input concepts was determined experimentally by varying the number of
concepts to be selected for each goal. Figure 4.5 shows the dialogue act detection accuracy
versus the number of semantic concepts selected as the input to the TAN networks for
both reference parse results and HVS model parse results. The semantic concepts extracted
from the reference parse results are assumed to be all correct. The HVS parse results were
generated from the HVS parsing model described in Chapter 3. The parsing errors which
is defined as 1-F-measure are 9.7% and 8.1% for the ATIS NOV93 and DEC94 test sets
respectively. Not surprisingly, the dialogue act detection accuracy on the reference parse
results is always better than that obtained from the HVS parse results. It can be observed
from Figure 4.5 (a) and (b) that the optimal number of concepts is 25 for both NOV93
and DEC94 test sets. Increasing the number of concepts degrades the system performance
due to overtraining. The average MI value converges to zero when the number of input
concepts is 25 or greater.

For the DARPA Communicator data, the HVS parsing error is 11.9%. Figure 4.5 (c)

shows that goal detection accuracy increases with increased TAN input dimensionality but
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Figure 4.5: DA Detection Accuracy vs TAN Input Dimensionality.
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4.4 Experimental Results

then flattens off after the top 35 concepts have been included. Figure 4.5 (c) also shows
that the average MI value converges to zero when the number of input concepts is 35 or
greater. Hence, this number was chosen for all of the experiments reported subsequently

on the DARPA Communicator data.

4.4.2 Optimal Value of Dirichlet Prior

Another setting to be determined is the value of the Dirichlet prior, i.e. the term NCO‘HC in
Equation 4.6. As the same Dirichlet prior will be used through all probabilistic distribu-
tions, the subscript of NCO‘HC may be dropped and the Dirichlet prior can be simply denoted
as NO. A number of different values have been tried and the dialogue act detection accu-
racy vs different settings of the Dirichlet prior is plotted in Figure 4.6. It can be observed
that the best performance is obtained when N? is set to 5 for both the ATIS NOV93 and
DEC94 test sets. For the DARPA Communicator data, the choice of N? did not affect the
dialogue act detection accuracy much. One main reason is that the total number of train-
ing instances in the Communicator data is 12702, which is much larger than the number
of training cases used in ATIS, 4978. When the number of training instances is large, the
bias caused by the Dirichlet prior would essentially disappear. Recall from section 4.1.2
that the application of Dirichlet prior mainly affects the estimation of the events that are
rarely seen in the training data. Nevertheless, the detection accuracy at N set to 10 is
slightly better than that obtained with the smaller values of N, therefore, this value is

chosen for all the subsequent experiments.
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Figure 4.6: DA Detection Accuracy vs Dirichlet Prior Value.

74


figure/goalvsPrior.eps

4.4 Experimental Results

4.4.3 Comparison with Naive Bayes

TAN networks without dependencies between concepts are just Naive Bayes networks.
Experiments were conducted to observe the effect of adding dependency links between
semantic concepts. Figure 4.7 shows the TAN errors versus the Naive Bayes errors by
varying the input dimensionalities of the networks. Each point represents a network
input dimension setting, with its = coordinate being the goal detection error using the
TAN networks and y coordinate being the goal detection error according to the Naive
Bayes networks. The diagonal line in the figure denotes the locations where TAN and
Naive Bayes produce the same errors. Thus points above the diagonal line mean TAN
outperforms Naive Bayes. It can be observed that most points are above the diagonal line
in Figure 4.7 (a) and (b). That is, under most circumstances, TAN outperforms Naive
Bayes for both the NOV93 and DEC94 test sets.

Similar experiments were also conducted on the DARPA Communicator data. Fig-
ure 4.7 (c) shows that all the dots are above the diagonal line which means that TAN

always outperforms Naive Bayes for the DARPA Communicator test set.

4.4.4 Comparison with Fully-Connected TAN Networks

As mentioned earlier, all the attribute nodes in the TAN networks proposed in [18] are fully
connected, such a constraint is relaxed in the work here where not all concept pairs have
dependency links between them. Experiments have been conducted to compare the per-
formance of the TAN networks built according to the procedures proposed in section 4.1.1
with the fully-connected TAN networks as in [18]. Figure 4.8 shows that generally the
TAN networks without full-connected dependency links between concept nodes perform
better than the fully-connected TAN networks for both the ATIS and DARPA Communi-
cator test sets. This confirms that some concept nodes are indeed only weakly coupled and
the dependency links between them should be removed to achieve better goal detection

accuracy.

4.4.5 Comparison with Neural Networks

Neural networks have been applied successfully in acoustic modelling [114], language mod-
elling [115], and language understanding [116]. From the perspective of pattern recogni-
tion, neural networks can be regarded as an extension of Bayesian inference. Indeed,
Bayesian methods have been applied to neural networks learning [117]. Thus, neural
networks and Bayesian networks share certain similarities. It is therefore interesting to

compare their performance when applied in dialogue act detection.
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Figure 4.7: Comparison of TAN vs Naive Bayes on DA Detection Error by Varying Net-
work Input Dimensionality (Section 4.4.3).
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Figure 4.8: Comparison of TAN vs Fully-Connected TAN on DA Detection Error by
Varying Network Input Dimensionality (Section 4.4.4).
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4.4 Experimental Results

In the experimental work reported here, dialogue act detection was performed by a
single multilayer perceptron (MLP) neural network. This is in contrast to the setup used
with Bayesian networks where an individual network was used for each possible goal. The
number of input units to the MLP was determined by the number of distinct semantic
concepts whilst the number of output units was set by the number of dialogue acts or
goals defined. For example, there are altogether 110 semantic concepts and 16 dialogue
acts defined for the ATIS task, therefore, the number of input and output units to the
MLP is 110 and 16 respectively. An example of an MLP network is shown in Figure 4.9

where o denotes a sigmoid function.

Input Hidder Output
Layer Layer Layer

Figure 4.9: Example of a Multilayer Perceptron Neural Network.

For any extracted semantic concept sequence, the appearance of a semantic concept will
set its corresponding input unit to be 1. For those semantic concepts that do not appear
in the sequence, their input units will remain at 0. Training of the MLP network was
conducted using the neural network software package, Stuttgart Neural Network Simulator
(SNNS) [118] which supports a variety of learning algorithms. The original training data
was divided into two parts, 90% of the data forms the training set while the remaining 10%
forms the validation set. Various network topologies were tried such as one hidden layer
with different numbers of units (e.g. 2, 4, 8, 16, 32, 64), or two hidden layers with different
combinations of units in each layer (e.g. 2-2, 4-2, 4-4, 8-2, 8-4 etc). Learning algorithms
tested include the backpropagation algorithm with or without momentum term and the
quickprop algorithm. Learning parameters such as the learning rate and the momentum
term were tuned to give the best configuration. For each training scenario, the validation

data was used to stop the learning process if its minimum square error (MSE) saturated.
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It was found that for ATIS the best results on the validation data were obtained using
an MLP with one hidden layer of 16 units, trained using the standard backpropagation
algorithm with the learning rate 0.2. For the DARPA Communicator data, an MLP with
one hidden layer of 8 units, trained using backpropagation with momentum term, with
learning rate 0.3 and momentum term 0.3 gave the best results on the validation data.

The dialogue act detection error of the MLP networks when tested on the ATIS NOV93,
DECY4 test sets and the DARPA Communicator data test set is shown in Table 4.2. For
comparison purposes, the test results on the same test sets using Naive Bayes, fully-
connected TAN and TAN networks are also given. It can be observed that the MLP
performs worse than the TAN for both the ATIS test sets. However, it gives the same
result as the TAN for the DARPA Communicator test set.

Algorithm ATIS NOV98 ATIS DECY9, DARPA Test Data
Naive Bayes 91.1% 90.2% 86.1%
Fully-Connected TAN 90.9% 91.4% 83.9%
MLP 88.1% 86.9% 86.5%
TAN 91.7% 91.2% 86.5%

Table 4.2: Dialogue Act Detection Accuracy using different algorithms.

4.4.6 Additional Context for DA Detection

All the above experiments on goal detection were based solely on the extracted semantic
concepts of the current utterance without considering the historical context of the dia-
logues. The DARPA Communicator data consists of a set of dialogues within which each
utterance is a part of one conversation. Experiments were therefore conducted on the
DARPA Communicator test set to measure the impact of including the historical context.
Table 4.3 gives the results of including the semantic concepts of the immediately preceed-
ing utterance, the previously detected goal or both. It can be observed that by including
the semantic concepts or both goal and concepts from the previous utterance, more noise
seems to have been introduced and thus goal detection accuracy degrades. This is partly
due to the propagation of the previous semantic tagging errors. The analysis done here
was limited to only the user side of the dialogue. It is likely that larger improvements
in goal detection accuracy could be gained if the Bayesian networks were conditioned on
the previous system output but this information was unforturnately not accessible for the

data sets used here.
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Context HVS Parse Results Reference Parse Results
Current concepts 86.5% 90.2%
+ prev. concepts 83.5% 86.8%
+ prev. goal 86.3% 90.0%
+ both 83.4% 86.6%

Table 4.3: Goal Detection Accuracy based on Various Contexts.

4.5 Conclusion

This chapter has discussed dialogue act detection using Tree-Augmented Naive Bayes net-
works (TANs), which are a natural extension to Naive Bayes networks achieved by adding
dependencies between concepts or attributes which serve as inputs to the networks. Exper-
iments have been conducted on the ATIS and DARPA Communicator corpora. Dialogue
act detection accuracy rates of 91.7% and 91.2% were obtained for the ATIS-3 NOV93 and
DECY94 test sets respectively, which are better than the earlier results obtained using the
similar Bayesian network methods for goal detection where 87.3% accuracy was obtained
for the ATIS NOV93 test set * [74].

Peformance has been compared on the effectiveness of concept dependencies in TAN
and Naive Bayes networks. It has been found that simple models such as Naive Bayes
classifiers perform surprisingly well on both the ATIS and the Communicator data. Cap-
turing dependencies between semantic concepts improves dialogue act detection accuracy
slightly. However, fully-connected TAN networks gave worse detection accuracy as more
noise was introduced to the networks. This is more significant for the Communicator data.
The above suggests that for efficiency purposes, especially in real-time spoken dialogue
applications, Naive Bayes networks would be good enough to give acceptable dialogue act
detection accuracy.

A neural network approach, multilayer perceptron (MLP) neural network, has also
been investigated in this thesis where a composite model was used for all the dialogue acts
defined, which is in contrast to Bayesian network approaches where individual network
was used for each dialogue act. Though both approaches aim to create models which
are well-matched to the data, they seem to occupy opposite extremes of data modelling
spectrum. The idea behind MLP training is to find a single set of weights for the net-

work that maximize the fit to the training data, perhaps modified by some sort of weight

Tt was claimed in [74] that 91.5% goal detection accuracy was obtained for the NOV93 test set.
However, the way that goal detection accuracy was calculated was slightly different in that the utterances
with out-of-domain goals in the test set were excluded whereas they were included in the calculation of
the goal detection accuracy reported here. Besides, there are only 11 goals defined in Meng’s work, while
the total number of goals defined in the work reported here is 16 for the ATIS task.
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penalty to prevent overfitting. It can be interpreted as variations to maximum likeli-
hood estimation. The individual relations between the input variables and the output
variables are not developed by engineering judgment so that the model tends to be a
black box or input/output table without analytical basis. Bayesian network learning is
based on a different view in which probability is used to represent uncertainty about the
relationship being learned. Prior knowledge about what the true relationship might be
can be expresssed in a probability distribution over the network weights that define this
relationship. After presenting training data to the Bayesian networks, probabilities are
redistributed in the form of posterior distributions over network weights. Therefore, unlike
neural networks which are prone to overfitting, Bayesian networks automatically suppress
the tendency to discover spurious structure in data [117]. Experimental results show that
if there exist a large amount of training data, the neural network approach may give the
same results as the Bayesian network approaches.

Finally, it would be interesting to speculate on performance with more complex tasks.
The experimental results reported in this chapter only focussed on individual utterance
dialogue act detection. It might be possible to incoporate top level dialogue information
such as context of the previous utterance, discourse information, intonation etc, and pre-
dict topics of the whole dialogue session. But that would require the availability of history

context.
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Chapter 5

Integrated Spoken Language
Understanding System

This chapter presents a purely data-driven spoken language understanding (SLU) system.
It comnsists of three major components, a speech recognizer, a semantic parser, and a
dialog act decoder. Section 5.1 briefly describes the general framework of a statistical
SLU system and Section 5.2 summarizes the training and evaluation procedures used. The
experimental setup and evaluation results are then presented in section 5.3. Section 5.4
discusses in detail robustness issues of the SLU system and two aspects of SLU system
performance are investigated: noise robustness and adaptability to different applications.

Finally, section 5.5 concludes this chapter.

5.1 Spoken Language Understanding

Spoken language understanding (SLU) can be broadly viewed as a pattern recognition
problem. It aims to interpret the meanings of users’ utterances and respond reasonably
to what users have said. A typical architecture of an SLU system is given in Figure 5.1,
which consists of a speech recognizer, a semantic parser, and a dialog act decoder. The
user’s input acoustic signal A is first translated into a word string W by the speech
recognizer. Such word strings are then mapped into a set of semantic concepts C' by the
semantic parser. The dialog act decoder infers the user’s intention or goals G, based on
the semantic concepts extracted and the current dialogue context. Finally, the deduced
information may be passed to the dialogue manager to decide appropriate actions to take
in response to the user’s query.

Within a statistical framework, the SLU problem can be factored into three stages.

First recognize the underlying word string W from each input acoustic signal A, i.e.

A

W = argmax P(W|A) = argmax P(A|W)P(W) (5.1)
w w
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Acoustic Signal Words Concepts User's Dialog Act:
A Speech W | Semantic | ¢ |DiaogAct| G,
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Figure 5.1: Typical structure of a spoken language understanding system.

then map the recognized word string W into a set of semantic concepts C
C = argmax P(C|W) (5.2)
c
and finally determine the user’s dialog acts or goals by solving

Gy = argmax P(G,|C) (5.3)
Gu

In the system described here, each of these stages is modelled separately. A standard
HTK-based [19] Hidden Markov Model (HMM) recognizer is used for recognition, the
Hidden Vector State (HVS) model for semantic parsing [119], and Tree-Augmented Naive
Bayes networks (TAN) [18] for dialog act decoding. The speech recognizer was built using
the HTK toolkit [19]. It uses 14 component Gaussian mixture state-clustered cross-word
triphone HMMs augmented by using heteroscedastic linear discriminant analysis (HLDA)
[120]. Incremental speaker adaptation based on the maximum likelihood linear regression
(MLLR) method [93] was performed during the test with updating being performed in
batches of five utterances per speaker. The semantic parser component was built using
the Hidden Vector State (HVS) model [119] as described in Chapter 3. The dialog act
decoder was implemented using the Tree-Augmented Naive Bayes (TAN) algorithm [18]
as described in Chapter 4.

It should, however, be noted that sequential decoding is suboptimal in the sense that
the solution of each stage depends on the exact solution of the previous stage. In order
to reduce the effect of this approximation, it is possible to retain a word lattice or IN-
best word hypotheses instead of the single best string W as the output of the speech
recognizer. The semantic parse results may then be incorporated with the output from
the speech recognizer to rescore the N-best list since it provides additional knowledge
to the recognizer. This is considered further in section 5.3. Similarly, it is possible to
retain the N-best parse results from the semantic parser and leave the selection of the
best hypothesis until the dialog act decoding stage. However, in practice, no gain was

found for this and hence it is not pursued further here.
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Figure 5.2: Procedures on ATIS training and evaluation.

5.2 System Training and Evaluation

Figure 5.2 shows the organization of the SLS system for both training and evaluation. The
ATIS training data contain the acoustic speech signal, word transcription and reference
SQL query for each utterance. Each of the three major components, the speech recognizer,
the semantic parser, and the dialog act decoder are trained separately. The acoustic
speech signal is modelled by extracting 39 features every 10ms: 12 cepstra, energy, and
their first and second derivatives. This data is then used to train the speaker-independent,
continuous speech recognizer. The semantic parser is trained using the word transcriptions
from the ATIS corpus combined with their abstract semantics extracted automatically
from the reference SQL queries provided in the corpus. The parser is trained on this data
using constrained EM as described in Chapter 3. It is straightforward to identify the main
topic or goal and the key semantic concepts of each utterance from the corresponding
reference SQL query and this information is used to train the dialog act decoder.

During testing, the N-best lists from the speech recognizer are passed to the semantic
parser to generate semantic concept sequences. Parse scores from the semantic parser
are combined with the total acoustic and language model likelihoods from the speech
recognizer and used to rescore the N-best list. Meaningful semantic concept/value pairs
are then extracted from the resulting best hypothesis and the user’s goals are inferred by
the dialog act decoder from the semantic concept sequences generated. These extracted
concept/value pairs and inferred goals are then fed into the SQL query generator to form

an SQL query in order to fetch answers from the ATIS database. An example of the
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case frame definition file which is used by the query generator to produce SQL queries is
illustrated in Appendix C.

Performance is measured at both the component and the system level. For the former,
the recognizer is evaluated by word error rate, the parser by concept slot retrieval rate
using an F-measure metric [102], and the dialog act decoder by detection rate. The overall

system performance is measured using the standard NIST “query answer” rate.

5.3 Experiments

Experiments have been conducted using the ATIS corpus and the ATIS-3 NOV93 and
DECY4 evaluation data were selected as test sets. As mentioned earlier, utterances in the
ATIS corpus are divided into three categories, context-independent (A), context-dependent
(D), or unanswerable (X). The experimental results reported in this chapter focus on
category A utterances only unless otherwise specified.

Altogether 22316 spontaneous utterances recorded using Sennheiser microphone from
ATTS-2 and ATIS-3 are used for acoustic model training. This includes the ATIS-2 FEB92
and NOV92 test sets in addition to the ATIS-2 and ATIS-3 training sets. The language
model was trained on 23096 ATIS spontaneous utterances with vocabulary size 1644. It
consists of a word trigram and a word trigram interpolated with a class-based trigram.
The latter has 60 classes derived automatically using the Kneser-Ney clustering procedure
[121]. The perplexity tested on the joint ATIS-3 NOV93 and DEC94 test sets is 16.5 and
15.5 for the word trigram alone and the interpolated model respectively.

The N-best word hypotheses generated from the speech recognizer were fed into the
semantic parser to output semantic concept sequences. Given an acoustic speech signal
A, translated into a word sequence W, and parsed into a semantic concept sequence C,
the parse scores are combined with the total acoustic and language model likelihoods

according to equation 5.4.

N

W

%

argmax P(A|W)P(W)P(C|W)

Cc,WeLy

argmax P(A|W)P(W)YP(C|W)* (5.4)
Cc,WeLly

%

where P(A|W) is the acoustic probability from the first pass, P(W) is the language mod-
elling likelihood, P(C|W) is the semantic parse score, Ly denotes the N-best list, o is a
semantic parse scale factor and v is a grammar scale factor.

For the dialog act decoder, 16 dialog acts or goals were defined in the ATIS domain
with each goal corresponding to one TAN. The top 25 semantic concepts ranked by MI

were used as input to each TAN.
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The SQL query generator module was tested on the reference parse results of ATIS-3
NOV93 and DEC94 test sets. 5 out of 448 utterances from NOV93 test set and 3 out
of 445 utterances from DEC94 test set did not return the correct answers, which gives
the utterance understanding error rate 1.1% and 0.7% respectively. The analysis of the
results shows that one context-dependent utterance has been misclassified as category A
(context-independent) in each of these two test sets and the rest are too complicated for
the SQL query generator to handle properly. Even though these eight utterances failed to

return correct answers, they were however retained in all the subsequent experiments.

5.3.1 Performance of Individual Components

Experiments were first conducted to evaluate individual components of the SLU system.
Table 5.1 gives the results in word error rate (WER) for the speech recognizer by imposing
different refinement techniques on the context-dependent (category A) test sets as well as
the full test sets (A+D+X). The baseline was built using a word bigram language model
(LM), then the HMM models were refined based on the HLDA technique. Subsequently,
during testing, incremental adaptation was performed and bigram word lattices were gen-
erated, which were then expanded to word trigram lattices by applying the word trigram
LM. Alternatively, the class-based and the word trigram LM was used to transform word

bigram lattices to interpolated word/class trigram lattices.

Category A Category A+D+X
Criteria NOV93 DECY NOV93 DECY)
word bigram 6.1 5.5 7.3 6.0
+HLDA 5.8 4.9 6.8 5.4
+adaptation 4.9 4.3 5.7 4.1
+word trigram 4.1 3.1 4.8 3.6
+class-based trigram 4.1 3.0 4.8 3.4

Table 5.1: Test results for the speech recognizer (%AWER).

The semantic parser was tested using both text input (reference transcriptions) and
spoken input (recognizer output). The F-measure scores together with recall and precision

values are reported in Table 5.2.

NOVI3 DECY/
Measurement  Text  Spoken Text  Spoken
Recall 89.2% 87.6% 91.3% 89.7%
Precision 91.4% 90.4% 92.6% 91.4%

F-measure 90.3% 89.0% 91.9% 90.5%

Table 5.2: Test results for the semantic parser.
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For the dialog act decoder, the goal detection accuracy based on the parse results of

both text input and spoken input is shown in Table 5.3.

Parser Input NOV93 DECY
Text input 91.7%  91.2%
Spoken input  91.5%  90.8%

Table 5.3: Test results for the dialog act decoder.

5.3.2 Optimal N-best List

During the integrated system test, experiments were first conducted to determine the
best possible performance in WER obtainable from the IV-best lists output by the speech
recognizer. This was done by picking the hypothesis with the lowest WER from each list
for N ranging from 1 to 1000. As the system gave the same performance for all values of
N greater than 25, only the results with values of N ranging from 1 to 25 are reported
in Figure 5.3. It can be observed that N = 10 gives the optimal WER and subsequent
experiments were therefore conducted on 10-best lists only. Increasing the value of N
degrades the system performance slightly. This is due to noise introduced by the lower
ranks of N-best lists. The oracle WER of different N-best lists are also given to indicate
the range of improvements possible by incorporating more knowledge sources. It should
be mentioned that for each N-best list, various settings of the semantic scale factor « as
defined in Equation 5.4 has been tested and it was found that the best performance was
obtained when the semantic scale factor was set to 10 for all the N-best lists.

4.2 T T T 3.1

-&— WER
—— Oracle WER

-&— WER
—— Oracle WER

261

WER

21

5 10 15 20 10 15 20
Hypothesis recognized list size (N in N-best) for NOV93 Hypothesis recognized list size (N in N-best) for DEC94

(a) ATIS NOV93 Test Set (b) ATIS DEC94 Test Set

Figure 5.3: Values of N (as in N-best list) vs WER.
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5.3.3 Optimal Semantic Parse Scale Factor

Figure 5.4 shows the WER obtained for rescored 10-best word hypotheses when the se-
mantic parse scale factor o as defined in Equation 5.4 is varied. The optimal value for a
is 10 as the lowest WER is obtained at this point for both NOV93 and DEC94 test sets.
Increasing o value degrades the system performance since the semantic parse scores tend

to dominate the rescored results.

4.3

3.5

T T
—&— Original WER —&— Original WER
—4— Rescored WER —4— Rescored WER

3.3r

3.1r

WER
WER

29r

271

20

10 10
HVS Parse Scale Factor (NOV93) HVS Parse Scale Factor (DEC94)

(a) ATIS NOV93 Test Set (b) ATIS DEC94 Test Set

Figure 5.4: Scale of semantic parse score vs WER.

5.3.4 End-to-End Evaluation Results

The end-to-end evaluation results on both natural language understanding (NL) and spo-
ken language understanding (SLS) evaluations are shown in Table 5.4. F-measure evalu-
ates the extraction of concept/value pairs in terms of recall and precision, while answer
error rate measures the minimum / maximum answers from the ATIS database using
the NIST scoring package. The latter is the standard scoring metric used by DARPA
ATIS SLU systems. For the NL test, the reference transcriptions is used as input to the
semantic parser instead of the recognized output. The SLS(1) results were obtained by
taking the best word hypothesis directly from the speech recognizer, while the SLS(10)
results were obtained by taking the best word hypothesis from the rescored 10-best list
after incorporating semantic parse scores.

It can be observed from Table 5.4 that by incorporating semantic knowledge via rescor-
ing, the WER has been reduced by 7.3% and 10.0% relative for the NOV93 and DEC94

test set respectively. The relative reduction in answer error rate is 12.0% and 9.4%.
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NOV93 DECYY
WER F-measure Answer Error WER F-measure Answer Error
NL - 90.3% 12.3% - 91.9% 8.5%
SLS(1) 4.1 89.0% 18.3% 3.0 90.5% 13.9%
SLS(10) 3.8 89.3% 16.1% 2.7 90.6% 12.6%

Table 5.4: NOV93 and DEC94 NL and SLS test results.

Figure 5.5 compares the performance of the system built here (denoted as cu) with the
systems developed by the DARPA ATIS programme participants. The upper portion of
Figure 5.5 gives the NL answer error rates of various systems on the NOV93 and DEC94
test sets, while the lower portion of the figure gives the SLS answer error rates on the same
test sets. It can be observed that the SLU system discussed here is indeed comparable
to the original DARPA ATIS SLU systems which relied on either hand-crafted semantic

grammar rules or fully-annotated training corpora to extract semantic information.

5.4 Robustness Issues

Robustness is a key requirement in spoken language understanding (SLU) systems. Human
speech is often ungrammatical and ill-formed, and there will frequently be a mismatch
between training and test data. This section discusses robustness and adaptation issues
in the SLU system.

Formally speaking, the robustness of language (recognition, parsing, etc.) is a measure
of the ability of human speakers to communicate despite incomplete information, ambigu-
ity, and the constant element of surprise [122]. In this section, two aspects of SLU system
performance are investigated: noise robustness and adaptability to different applications.
For the former, an SLU system should maintain acceptable performance when given noisy
input speech data. This requires, the understanding components of the SLU system to
be able to correctly interpret the meaning of an utterance even when faced with recog-
nition errors. For the latter, the SLU system should be readily adaptable to a different

application using a relatively small set (e.g. less than 100) of adaptation utterances.

5.4.1 Noise Robustness

To test noise robustness, the system has been tested on data from the ATIS domain which
has been artificially corrupted with varying levels of additive car noise from the NOISEX-
92 [123] database. In order to obtain different SNRs, the noise was scaled accordingly
before adding to the speech signal.

Robust spoken language understanding components should be able to compensate for

the weakness of the speech recognizer. That is, ideally they should be capable of generating
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Figure 5.5: SLU Systems Performance Comparison.

90


./figure/nov93_nl.eps
./figure/dec94_nl.eps
./figure/nov93_sls.eps
./figure/dec94_sls.eps
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the correct meaning of an utterance even if it is recognized wrongly by a speech recognizer.
At minimum, the performance of the understanding components should degrade gracefully
as recognition accuracy degrades.

Figure 5.6 gives the system performance on the corrupted test data with additive noise
ranging from 25dB to 10dB SNR. The label “clean” in the X-axis denotes the original clean
speech data without additive noise. Note that the recognition results on the corrupted
test data were obtained directly using the original clean speech HMM models without
retraining for the noisy conditions. The upper portion of Figure 5.6 shows the end-to-end
performance in terms of query answer error rate for the NOV93 and DEC94 test sets. For
easy reference, WER is also shown. The individual component performance, F-measure
for the HV'S semantic parser and dialogue act (DA) detection accuracy for the DA decoder,
are illustrated in the lower portion of Figure 5.6. For each test set, the performance on
the rescored word hypotheses is given as well. This incorporates the semantic parse scores
into the acoustic and language modelling likelihoods to rescore the 10-best word lists from
the speech recognizer.

It can be observed that the system gives fairly stable performance at high SNRs and
then the recognition accuracy degrades rapidly in the presence of increasing noise. At 20dB
SNR, the WER for the NOV93 test set increases by 1.6 times relative to clean whilst the
query answer error rate increases by only 1.3 times. On decreasing the SNR to 15dB, the
system performance degrades significantly. The WER increases by 3.1 times relative to
clean but the query answer error rate increases by only 1.7 times. Similar figures were
obtained for the DEC94 test set.

The above suggests that the end-to-end performance measured in terms of answer error
rate degrades more slowly compared to the recognizer WER as the noise level increases.
This demonstrates that the statistically-based understanding components of the SLU sys-
tem, the semantic parser and the dialogue act decoder, are relatively robust to degrading
recognition performance.

Regarding the individual component performance, the dialogue act detection accuracy
appears to be less sensitive to decreasing SNR. This is probably a consequence of the
fact that the Bayesian networks are set up to respond to only the presence or absence of
semantic concepts or slots, regardless of the actual values assigned to them. In another
words, the performance of the dialogue act decoder is not affected by the mis-recognition
of individual words, but only by a failure to detect the presence of a semantic concept. It
can also be observed from Figure 5.6 that the F-measure needs to be better than 85% in

orderto achieve acceptable end-to-end performance.
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5.4.2 Adaptation to New Applications

As discussed in Section 2.4, MAP adaptation and non-linear interpolation have been ap-
plied to HVS parser model adaptation. The following discusses each of these two ap-

proaches in detail and presents the experimental results in the end.

5.4.2.1 MAP Adaptation

Bayesian adaptation reestimates model parameters directly using adaptation data. It
can be implemented via maximum a posteriori (MAP) estimation. Assuming that model
parameters are denoted by ©, then given observation samples Y, the MAP estimate is

obtained as
Oy ap = argmaxP(0|Y) = argmaxP(Y|©)P(©) (5.5)
o) o)

where P(Y'|©) is the likelihood of the adaptation data Y and model parameters © are
random vectors described by their probabilistic mass function (pmf) P(©), also called the
prior distribution.

In the case of HVS model adaptation, the objective is to estimate probabilities of
discrete distributions over vector state stack shift operations and output word generation.
Assuming that they can be modelled under the multinomial distribution, for mathematical
tractability, the conjugate prior, the Dirichlet density, is normally used. Assume a parser
model P(W,C) for a word sequence W and semantic concept sequence C' exists with J
component distributions P; each of dimension K, then given some adaptation data W,

the MAP estimate of the kth component of P}, 15](]{3), is

- oj = T

Pj(k) = ——Pj(k) +

} J .
o;+ T oj+T

Pi(k) (5.6)

where o; = Z,Ile 0;(k) in which o;(k) is defined as the total count of the events associated
with the kth component of P; summed across the decoding of all adaptation utterances
Wy, 7 is the prior weighting parameter, Pj(k) is the probability of the original unadapted
model, and ﬁ](k) is the empirical distribution of the adaptation data, which is defined as

- o; (k)
Pj(k) = —1——
) YK, oj(0)

As discussed in Chapter 3, the HVS model consists of three types of probabilistic move.

(5.7)

The MAP adaptation technique can be applied to the HVS model by adapting each of

these three component distributions individually.
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5.4.2.2 Log-Linear Interpolation

Log-linear interpolation has been applied to language model adaptation and has been
shown to be equivalent to a constrained minimum Kullback-Leibler distance optimisation
problem[124].

Following the notation introduced in section 5.4.2.1, where P;(k) is the probability of
the original unadapted model, and Py(k) is the empirical distribution of the adaptation
data, denote the final adapted model probability as P](k) It is assumed that the Kullback-
Leibler distance of the adapted model to the unadapted and empirically determined model

18

Given an additional model probability Pj(k) whose distance to Py(k) should be kept
small, and introducing Lagrange multipliers )\'1 and )\'2 to ensure that constraints 5.8 and

5.9 are satisfied, yields
D = D(P;(k) || P;(k)) + A1 (D(P;(k) || Pi(k)) — d1) + Ap(D(P;(k) || Pj(k)) — do) (5.10)

Minimizing D with respect to I%(k) yields the required distribution.
With some manipulation and redefinition of the Lagrange Multipliers, it can be shown

that

By() = 5P By ()™ (5.11)

where P;(k) has been assumed to be a uniform distribution which is then absorbed into
the normalization term 7).

The computation of Z) is very expensive and can usually be dropped without sig-
nificant loss in performance [125]. For the other parameters, A; and Ag, the generalized
iterative scaling algorithm or the simplex method can be employed to estimate their op-

timal settings.

5.4.2.3 Experiments

To test the portability of the statistical parser, the initial experiments reported here are
focussed on assessing the adaptability of the HVS model when it is tested in a domain
which covers broadly similar concepts, but comprises rather different speaking styles. To
this end, the flight information subset of the DARPA Communicator Travel task has been
used as the target domain [21]. By limiting the test in this way, it is ensured that the
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dimensionalities of the HVS model parameters remain the same and no new semantic
concepts are introduced by the adaptation training data.

The baseline HVS parser was trained on the ATIS corpus using 4978 utterances se-
lected from the context-independent (Class A) training data in the ATIS-2 and ATIS-3
corpora. The vocabulary size of the ATIS training corpus is 611 and there are altogether
110 semantic concepts defined. The parser model was then adapted using utterances re-
lating to flight reservation from the DARPA Communicator data. Although the latter
bears similarities to the ATIS data, it contains utterances of a different style and is often
more complex. For example, Communicator contains utterances on multiple flight legs,
information which is not available in ATIS.

To compare the adapted ATIS parser with an in-domain Communicator parser, a HVS
model was trained from scratch using 10682 Communicator training utterances. The
vocabulary size of the in-domain Communicator training data is 505 and a total of 99
semantic concepts have been defined. For all tests, a set of 1017 Communicator test
utterances was used.

Table 5.5 lists the recall, precision, and F-measure results obtained when tested on
the 1017 utterance DARPA Communicator test set. The baseline is the unadapted HVS
parser trained on the ATIS corpus only. The in-domain results are obtained using the HV'S
parser trained solely on the 10682 DARPA training data. The other rows of the table give
the parser performance using MAP and log-linear interpolation based adaptation of the

baseline model using 50 randomly selected adaptation utterances.

System Recall  Preciston F-measure
Baseline 79.81%  87.14% 83.31%
In-domain 87.18%  91.89% 89.47%
MAP 86.74%  91.07% 88.85%
Log-Linear 86.25%  92.35% 89.20%

Table 5.5: Performance comparison of adaptation using MAP or log-linear interpolation.

Since a reference database is not available for the DARPA Communicator task, it
is not possible to conduct the end-to-end performance evaluation as in Section 5.4.1.
However, the experimental results in Section 5.4.1 indicate that the F-measure needs to
exceed 85% to give acceptable end-to-end performance. Therefore, it can be inferred from
Table 5.5 that the unadapted ATIS parser model would perform very badly in the new
Communicator application whereas the adapted models would give performance close to
that of a fully trained in-domain model.

Figure 5.7 shows the parser performance versus the number of adaptation utterances

used. It can be observed that when there are only a few adaptation utterances, MAP
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adaptation performs significantly better than log-linear interpolation. However above 25
adaptation utterances, the converse is true. The parser performance saturates when the
number of adaptation utterances reaches 50 for both techniques and the best performance
overall is given by the parser adapted using log-linear interpolation. The performance of
both models however degrades when the number of adaptation utterances exceeds 100,
possibly due to model overtraining. For this particular application, it can be concluded
that just 50 adaptation utterances would be sufficient to adapt the baseline model to give

comparable results to the in-domain Communicator model.
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Figure 5.7: F-measure vs amount of adaptation training data.

5.5 Conclusions

This chapter has discussed a purely data-driven spoken language understanding system.
Its three major components, the speech recognizer, the semantic parser, and the dialog
act decoder, are trained directly from corpus data. In particular, its two understanding
components, the semantic parser and the dialog act decoder, are trained without the use
of explicit semantic grammar rules or fully-annotated treebank style data.

The evaluation results on the ATIS corpus show that the SLU system discussed here
is comparable to the original DARPA ATIS SLU systems which relied on either hand-
crafted semantic grammar rules or fully-annotated training corpora to extract semantic
information, but it can be built at much lower cost. It has also been confirmed, as done by

others [126; 127; 128; 129], that semantic knowledge extracted by a parser can be applied
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to rescore N-best word hypotheses from the speech recognizer to improve both WER and
overall end-to-end performance.

One of the major claims motivating the design of this data-driven statistical SLU
system is that its fully-statistical framework makes it intrinsically robust and readily
adaptable to new applications. This claim has been investigated experimentally via two
sets of experiments using a system trained on the ATIS corpus.

In the first set of experiments, the acoustic test data was corrupted with varying levels
of additive car noise. It was found that although the addition of noise had a substantial
effect on the word error rate, its relative influence on both the semantic parser slot/value
retrieval rate and the dialogue act detection accuracy was somewhat less. Most impor-
tantly of all, there was no catastrophic failure point at which the system effectively stops
working, a situation not uncommon in current rule-based systems.

In the second set of experiments, the ability of the semantic decoder component to be
adapted to another application was investigated. In order to limit the issues to parameter
mismatch problems, the new application chosen (Communicator) covered essentially the
same set of concepts but was a rather different corpus with different user speaking styles
and different syntactic forms. Overall, it was found that moving a system trained on ATIS
to this new application resulted in a 6% absolute drop in F-measure on concept accuracy
(i.e. a 62% relative increase in parser error) and by extrapolation with the results in the
ATTS domain, it may be inferred that this would make the non-adapted system essentially
unusable in the new application. However, when adaptation was applied using only 50
adaptation sentences, the loss of concept accuracy was mostly restored. Specifically, using
log-linear adaptation, the out-of-domain F-measure of 83.3% was restored to 89.2% which
is close to the in-domain F-measure of 89.5%.

Although these tests are preliminary and are based on off-line corpora, the results
do give positive support to the initial claim made for statistically-based spoken language
systems, i.e. that they are robust and they are readily adaptable to new or changing

applications.
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Chapter 6

Conclusions and Future Work

The development of spoken dialogue systems rely heavily on computational linguists to
define semantic grammar rules, to produce templates for appropriate response generation,
to build the lexicon etc. Reducing the need for manual processing and automating the
whole process as much as possible are thus of particular interest. The research work here
has focused on statistical learning approaches for building a purely data-driven spoken lan-
guage understanding (SLU) system whose three major components, the speech recognizer,
the semantic parser, and the dialogue act decoder, are trained entirely from data. The
system is comparable to existing SLU systems which rely on either hand-crafted semantic
grammar rules or statistical models trained on fully-annotated training corpora but it has
greatly reduced build cost.

This chapter first summarizes the research work reported in this thesis, then draws
conclusions on the research conducted, and finally identifies several potential areas for

future work.

6.1 Summary

The research work conducted are summarized as follows:

e Proposed and implemented a hierarchical semantic parser model, Hidden Vector
State (HVS) model, which is a compromise between the flat-concept model and the
fully recursive model. It is motivated by the hypothesis that a suitably constrained
hierarchical model may be trainable without treebank data whilst simultaneously
retaining sufficient ability to capture the hierarchical structure needed to robustly
extract task domain semantics. One possible constraint is to restrict the underlying
generation process to be strictly right-branching [130]. Such a constrained hierar-

chical model can be conveniently implemented using an HVS model which extends



6.1 Summary

the flat-concept HMM model by expanding each state to encode the stack of a push-
down automaton. This allows the model to efficiently encode hierarchical context,
but because stack operations are highly constrained it avoids the tractability issues
associated with full context-free stochastic models such as the hierarchical HMM. As
shown in Chapter 3, such a model is indeed trainable using only lightly annotated
data and furthermore, it offers considerable performance gains compared to the flat

concept model.

Tree-Augmented Naive Bayes networks (TANs) [18], which are a natural extension
to Naive Bayes networks achieved by adding dependencies between concepts or at-
tributes which serve as inputs to the networks, have been successfully applied for
classification tasks. This TAN algorithm was slightly modified and used for dialogue
act detection in this research work. Inference from TANs was based on the Prob-
ability Propagation in Trees of Clusters (PPTC) algorithm [112]. Peformance has
been compared on the effectiveness of concept dependencies in TAN, Naive Bayes
networks, and fully-connected TAN. It has been found that TAN slightly outper-
forms the Naive Bayes approach whilst fully-connected TAN performs worse than
TAN due to more noise being introduced to networks. To provide a contrast, the use
of a multilayer perceptron (MLP) neural network for dialogue act detection has also
been investigated in this thesis. In this case, a composite model was used for all the
dialogue acts defined, which is in contrast to Bayesian network approaches where an
individual network was used for each dialogue act. The MLP performs worse than
TAN for the ATIS corpus, but gave similar dialogue act detection accuracy for the
DARPA Communicator Data.

An intergrated spoken language understanding system has been built, which con-
sists of a standard HTK-based [19] Hidden Markov Model (HMM) recognizer for
recognition, the HVS model for semantic parsing, and Tree-Augmented Naive Bayes
networks (TAN) for dialog act decoding. In order to conduct an end-to-end per-
formance evaluation in a way similar to that used in the DARPA sponsored SLU
program for the ATIS task, an SQL query generator has also been implemented to
generate SQL queries to fetch answers from the database. Experimental results show
that the system is comparable to the original DARPA ATIS SLU systems but with
greatly reduced build cost.

Robustness issues in the SLU system have been discussed. To test robustness, the
system has been tested on data from the ATIS domain which has been artificially

corrupted with varying levels of additive noise. Although the speech recognition
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6.2 Conclusions

performance degraded steadily, the system did not fail catastrophically. Indeed, the
rate at which the end-to-end performance of the complete system degraded was sig-
nificantly slower than that of the actual recognition component. In a second set of
experiments, the ability to rapidly adapt the core understanding component of the
system to a different domain has been tested. Using only a small amount of training
data, experiments have shown that a semantic parser based on the HVS model origi-
nally trained on the ATIS corpus can be straightforwardly adapted to the somewhat
different DARPA Communicator task using standard adaptation algorithms such as
MAP [92; 94; 95] and log-linear interpolation [124]. The results presented support
the claim that an SLU system which is statistically-based and trained entirely from

data is intrinsically robust and can be readily adapted to new applications.

6.2 Conclusions

The existing approaches to spoken language understanding can be broadly classified into
two categories, rule-based or statistically-based. The rule-based approaches require hand-
crafted semantic grammar rules to be defined, and the statistically-based approaches nor-
mally require fully-annotated training corpora in order to reliably estimate model param-
eters. The former needs heavy manual processing, whilst the latter is often difficult to
obtain in practical applications. This thesis has proposed statistical approaches to build-
ing a purely data-driven SLU system that are comparable to existing systems but with
low build cost. In particular, it has focused on statistical approaches to semantic parsing
and dialogue act decoding, which are two major processes in an SLU system.

For semantic parsing, an ideal situation would be where the initial training data could
be easily provided by the dialogue designer and where the semantic parsing model could be
trained directly from unannotated data in a constrained way whilst at the same time being
able to capture the underlying hierarchical semantic structures. With this motivation, this
thesis proposed a Hidden Vector State (HVS) model which can be trained directly from
abstract semantics without the use of word-level annotations. The HVS model is able
to capture hierarchical structure in the semantics without incurring the computational
tractability issues inherent in fully recursive models such as the hierarchical HMM.

For dialogue act decoding, existing work using Bayesian networks are based on the
Naive Bayes approach and dependency links between semantic concepts are added accord-
ing to the Minimum Description Length (MDL) principle [568; 59; 74]. This thesis has
studied the extension of modified Tree-Augmented Naive Bayes networks (TANs) which

have been found to give slightly improved performance.
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6.3 Future Work

The evaluation results on the integrated SLU system suggest that it is possible to
build an SLU system without the need of linguistic knowledge or expensive annotation.
Such a system can still give similar performance to the existing SLU systems that rely on
either hand-crafted grammar rules or statistical models that are trained on fully-annotated
training corpus data. Moreover, as the system is purely data-driven, it is robust to noise

and can be readily ported or adapted to new applications.

6.3 Future Work

The current research work may be extended in several ways as discussed below.

6.3.1 Variants of the HVS model

The current version of the HVS model only allows one new semantic tag to be pushed
into a vector state stack per input word. The effect of doing so is to limit the class of
supported language to be right branching. It may not be sufficient to cover other more
demanding domains such as Chinese, which is a left-recursive language. In such cases, this
constraint needs to be relaxed such that more than one new semantic tags can be pushed
into a vector state stack for each input word. However, the state space may then grow

exponentially. Thus, efficient state pruning techniques need to be explored.

6.3.2 Online learning of the HVS model

Another important topic for future work is to port the HVS model to a real dialogue
application and explore the possibilities for on-line learning. For example, if the mapping
from an input utterance to semantic interpretation was initially wrong but was then re-
paired during the subsequent dialogue, it may be possible to use the corrected semantics

to update the HVS model online.

6.3.3 Adaptation of the HVS model

The HVS model adaptation reported in this thesis was limited to domains with similar
semantic concepts. Introduction of new semantic concepts would vary the dimensionali-
ties of the HVS model parameters and make the adaptation problem more complicated.
However, this may be overcome through parameter tying of semantic vector states that

share similar dominance relationships.
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6.3 Future Work

6.3.4 Extension of TAN Networks for Dialogue Act Decoding

In this thesis, the modified TAN algorithm has been applied for dialogue act decoding.
It is essentially an extension of Naive Bayes networks in which each semantic concept
(attribute) node may have one additonal dependency link pointing to it besides the de-
pendency link from the dialogue act or goal node. One obvious way to relax this constraint
is to allow more than one dependency links between concept nodes. Another way to ex-
tend the TAN algorithm is to allow system beliefs or dialogue histories to be encoded into
the network. More powerful methods of dialogue act decoding might exploit networks of

networks.

6.3.5 A Real Spoken Dialogue System

Though the integrated spoken language understanding system reported in this thesis can
take speech signals as input, they however still process users’ utterances offline. It will be
interested to port the understanding components into a real spoken dialogue system such
that users can speak directly to the system and appropriate responses can be generated and
fedback to the users. Many practical issues may then arise, such as response generation
(whether to confirm or clarify what users said) and the system optimization needed to

perform tasks in real-time etc.
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Appendix A

Probability Propagation in Trees
of Clusters (PPTC)

The Probability Propagation in Trees of Clusters (PPTC) algorithm [112; 113] con-
sists of four major steps, graphical transformation, initialization, global propagation, and

marginalization. This appendix explains each of these four steps in detail.

A.1 Graphical Transformation

Assume a DAG of a Bayesian network can be represented by G(V, E) where V is a set of
vertices and E is a set of edges in the DAG. The graphical transformation step transforms
a DAG into a junction tree whose vertices are labelled by cliques and whose edges are
labelled by separator sets formed by intersection of the two cliques at either side. The

definition of clique and separator set will become clear in the procedure described below.

1. Transform the DAG of a Bayesian network into an undirected graph by dropping
the directions of the arcs and moralizing the graph by adding links between parents

of each node. The result is a moral graph (as in Figure A.1-(b)).
2. Triangulate the moral graph using the elimination algorithm.

(a) Order the nodes by mazimum cardinality search and visit in reverse order.
An ordering of the vertices in a graph is obtained by first assigning 1 to an
arbitrary vertex, then selecting the next vertex as the vertex adjacent to the
largest number of previously numbered vertices, increasing the counter by 1

and assigning new counter to the selected vertex.

(b) For each visited node V', add links so that all neighbours of V' are linked to

each other.



A.1 Graphical Transformation

é:\ (I\c
(a) Original DAG (b) Moralized Graph

}

@-T-© —

d) Junction Tree c) Triangularized Gr
g ap
(Elimination Order: D.C.B.A)

Figure A.1: Example of Graphical Transformation from DAG to Junction Tree.

(c) Remove V together with all the links and continue until all the nodes have been

eliminated.

(d) The original graph together with all the links that were added during the elim-

ination process is triangulated (see Figure A.1-(c)).

3. Identify subsets of nodes, called cliques, from the triangulated graph. A node V
together with its neighbours form a cluster. Cliques can be simply extracted during
the triangulation process by saving each cluster that is not a subset of any previously

saved cluster. For example, nodes A, B, D in Figure A.1-(c) form a clique.

4. Connect the cliques to form a junction tree. This can be done as follows. First add
an edge between clique ¢ and clique j if clique; Nclique; # @. The weight of this edge
is set to be |clique; Ncliquej # @/, i.e. the number of variables they have in common.
Such common elements form the separator set between two cliques (A is a separator
between clique ABD and AC in Figure A.1-(d)). As any maximal weight spanning
tree (MST) is a junction tree (see [131] for a proof), an MST can be constructed
using Kruskal’s algorithm in O(E log F) time, or using Prim’s algorithm in O(V?)

time.
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A.2 Initialization

A.2 Initialization

The following procedure assigns initial junction tree potentials, using the conditional prob-

abilities from the Bayesian network:
1. For each clique and separator X, set its potential ¢x(x) = 1.
2. For each variable V', do the following:

e Assign to V a clique X which contains the parents of V' (denoted by IIy)
e Multiply ¢x by P(V|Hv), ie. ¢x ¢XP(V|Hv)

e Note that the initialization satisfies the joint probability distribution of the

original network, since

Y éx, _ [IE, P(Vallly,)
H;V:_ll ¢Sj 1

where N is the number of cliques, @ is the number of variables, M is the

=P(Vi,--,Vu) (A.1)

number of vertices, and ¢x; and ¢g; are the clique and separator set potentials

respectively.

A.3 Global Propagation (Message Passing)

Global propagation or message passing causes each clique to pass a message to its neigh-
bouring cliques. Such message passes are ordered so that each message pass preserves the
consistency introduced by previous message passes. After global propagation, the junction
tree is locally consistent in the sense that for each clique X and its neighbouring separator

set S, it holds that

D éx =os (A.2)

X\S

B

Figure A.2: Example of a junction tree.

Taking Figure A.2 as an example where circles represent cliques, rectangles denotes

separator sets, a single message passing can be described as follows:

e First update separator potential ¢} = > 4 daB
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A .4 Marginalization

e Then update the clique potential ¢5~ = i—*ggbgc Note that these updates leave the

joint probability invariant since

_ ®ABPpc  9aBPRPBC  PABPBC
P(A,B,C) = Py = Py = g (A.3)

e Finally, update ¢35 = >~ ¢pc and ¢% 5 = i—gqﬁAB

For a junction tree with n cliques, the global propagation algorithm begins by choosing
an arbitrary clique X, and then performing 2(n—1) message passes, divided into two stages.
During the CollectEvidence stage, each clique passes a message to its neighbours in X'’s
direction, starting from the cliques farthest from X. During the DistributeEvidence stage,
each clique passes a message to its neighbours away from X’s direction, starting from X

itself.

A.4 Marginalization

Once a consistent junction tree is obtained, the probability P(V') of any variable V' can

be computed as follows:
1. For a variable V', identify a clique X that contains V.

2. Compute P(V') by marginalizing ¢x by

P(V)= Y o¢x (A.4)
X\{v}
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Appendix B

Definition of a TAN Multinet
Model

Figure B.1 gives a sample topology definition of a TAN multinet model which may consist
of a set of TAN networks. The TAN multinet definition is bracketed by the symbol
<BeginBBN> and <EndBBN>. The first few lines of the definition specify global features
of the TAN multinet model, such as the total number of goals, the number of distinct
semantic concept tags (or attributes), and the prior probability of each goal. In the
implementations, one TAN network represents one goal. Therefore, there are altogether
16 TAN networks for the model definition illustrated in Figure B.1 and each of them is
bracketed by the symbol <BeginNet> and <EndNet>.

For each TAN network, the <NetName> specifies the name of the network, which is
typically the dialogue act that the network represents '. The keyword <NumAtt> indi-
cates the number of attribute or concept nodes in the network. Recall from Chapter 4
that a Bayesian network consists of a set of random variables and the conditional prob-
ability distribution (CPD) for each variable. Such variables are introduced following the
keyword <Variable>. Variable names and prior probability of each variable are listed by
the keyword <VarName> and <VarPrior> respectively. The CPD is introducted by the
keyword <CPD>. Conditional relationships are represented by the keywords <For> and
<Given>. For example,

<For> FLIGHT
<Given> airfare
<Given> COST
indicates that the CPD is for the probability P(FLIGHT |air fare, COST'). The keyword

!Note here character strings in small case represent dialogue acts while character strings in upper case
represent semantic concepts. Therefore, in Figure B.1, “airfare” repsents a dialogue act, and “AIRFARE”
represents a semantic concept.



<Sizes> lists out the number of values that each variable can take. In the implementa-
tions, each variable can only be in either present state or absent state. Thus, the size

for each variable is always 2. Probabilities of variables in different states are then listed

following the keyword <Table>.

120



<BeginBBN>
<NumGoals> 16
<NumTags> 110
< GoalPrior>
0.025 0.020 0.088 0.031
0.004 0.003 0.028 0.028
0.746 0.001 0.003 0.056
0.002 0.002 0.010 0.005
<BeginNet>
<NetName> airfare
<NumAtt> 5
<Variable>
<VarName>
airfare AIRFARE COST
COST_RELATIVE FLIGHT ROUND_TRIP
<VarPrior>
0.088 0.198 0.043
0.086 0.059 0.097
<CPD>
<For> airfare
<Sizes> 2
<Table>
0.088 0.912
<CPD>
<For> AIRFARE
<Given> airfare
<Sizes> 2 2
<Table>
0.198 0.004 0.802 0.996
<CPD>
<For> FLIGHT
<Given> airfare
<Given> COST
<Sizes> 2 2 2
<Table>
0.230 0.051 0.211 0.173
0.770 0.949 0.789 0.827

<EndNet>

<EndBBN>

Figure B.1. Definition for a TAN multinet model
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Appendix C

Case Frame Sample File

The SQL query generator relies on the case frame definition file to generate the appropriate
queries in order to fetch answers from the database. Each case frame contains a frame
name which corresponds to one of the predefined dialogue acts, and a number of slots
which correspond to a set of semantic concepts that are relevant to the specific dialogue
act. For each user’s input utterance, the semantic parser produces a sequence of semantic
concept/value pairs and the dialogue act decoder infers the most probable dialogue act
based on the parse results. Such a dialogue act is then used to identify the case frame and
the concept/value pairs extracted from the semantic parse results are used to fill in the
respective slots to form the partial SQL queries. Finally, the query generator “glues” all
the partial queries to form the final SQL query.

In the research work reported here, the MySQL database server [132] is used and the
queries generated thus need to follow the formats defined by MySQL. A typical example
of an SQL query produced by the query generator is:

Utt: I need a flight from toronto to newark one way leaving wednesday
evening or thursday morning

SQL: SELECT DISTINCT vO.flight_id FROM flight v0, city_airport vi,
city_airport v2, days v3, date_day v4, flight_fare vb5, fare v6
WHERE (vO.from_airport = vl.airport_code AND vl.city_name =
>TORONTQO’) AND (vO.to_airport = v2.airport_code AND v2.city_name
= ’NEWARK’) AND ((v0.flight_days = v3.days_code AND v3.day_name =
v4.day_name AND v4.day_name = ’WEDNESDAY’ AND v4.day_number = 6
AND v4.month_number = 4 AND v4.year = 1994) AND (vO.departure_time
>= 1800 AND vO.departure_time <= 2200) OR (vO.flight_days =
v3.days_code AND v3.day_name = v4.day_name AND v4.day_name =
>THURSDAY’ AND v4.day_number = 7 AND v4.month_number = 4 AND v4.year



= 1994) AND (vO.departure_time >= O AND vO.departure_time <= 1200))
AND (vO.flight_id = v5.flight_id AND v5.fare_id = v6.fare_id AND

v6.round_trip_required = ’N0’);
The following illustrates an example of the case frame defintion for the frame FLGIHT.

frame FLIGHT
{
Sql: SELECT DISTINCT flight.flight_id
Table: flight
COST_RELATIVE_ROUND
Sql_p: SELECT @cost := COST_RELATIVE_ROUND(fare.round_trip_cost) FROM
$1 WHERE fare.fare_id = flight_fare.fare_id AND
flight_fare.flight_id = flight.flight_id
Sql: flight.flight_id = flight_fare.flight_id AND flight_fare.fare_id

= fare.fare_id AND fare.round_trip_cost = Qcost
Table: flight_fare, fare
COST_RELATIVE_SINGLE
Sql_p: SELECT @cost := COST_RELATIVE_SINGLE(fare.one_direction_cost)
FROM $1 WHERE fare.fare_id = flight_fare.fare_id AND
flight_fare.flight_id = flight.flight_id
Sql: flight.flight_id = flight_fare.flight_id AND flight_fare.fare_id
= fare.fare_id AND fare.one_direction_cost = Q@cost
Table: flight_fare, fare
ROUTE
Sql: vO0.flight_id = flight_leg.flight_id AND flight_leg.flight_id =
flight.flight_id
Table: flight_leg, flight
FROMLOC
Sql: flight.from_airport = city_airport.airport_code
Table: city_airport
....CITY_NAME
Sql: city_airport.city_name = ’CITY_NAME’
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. .STATE_NAME

Sql: city_airport.

. .STATE_CODE

Sql: city_airport.

. .ATRPORT_NAME

Sql: city_airport.

. .ATRPORT_CODE
Sql: city_airport
. .COUNTRY_NAME

Sql: city_airport.

TOLOC

Sql: flight.to_airport

Table: city_airport
. .CITY_NAME

Sql: city_airport.

. .STATE_NAME

Sql: city_airport.

. .STATE_CODE

Sql: city_airport.

. .ATRPORT_NAME

Sql: city_airport.

. .ATRPORT_CODE

Sql: city_airport.

. .COUNTRY_NAME

Sql: city_airport.

STOPLOC

.airport_code

state_name ’STATE_NAME’

state_code >STATE_CODE’

airport_name >ATRPORT_NAME’

>ATRPORT_CODE’

country_name >COUNTRY_NAME’

city_airport.airport_code

city_name = ’CITY_NAME’
state_name = ’STATE_NAME’
state_code = ’STATE_CODE’

airport_name >ATRPORT_NAME’

airport_code >ATRPORT_CODE’

country_name >COUNTRY_NAME’

Sql: flight.flight_id = flight_stop.flight_id AND

flight_stop.stop_

airport = city_airport.airport_code

Table: flight_stop, city_airport

. .CITY_NAME

Sql: city_airport.

. .STATE_NAME

Sql: city_airport.

. .STATE_CODE

city_name >CITY_NAME’

state_name ’STATE_NAME’
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Sql: city_airport.state_code = ’STATE_CODE’
. .ATRPORT_NAME

Sql: city_airport.airport_name >ATRPORT_NAME’

. .ATRPORT_CODE

Sql: city_airport.airport_code

. .COUNTRY_NAME

>ATRPORT_CODE’

Sql: city_airport.country_name >COUNTRY_NAME’

DEPART_DATE
Sql: flight.flight_days = days.days_code AND days.day_name =
date_day.day_name
Table: days, date_day
. .DAY_NAME
Sql: date_day.day_name = ’DAY_NAME’
. .DAY_NUMBER
Sql: date_day.day_number = DAY_NUMBER
. .MONTH_NUMBER
Sql: date_day.month_number = MONTH_NUMBER
. .YEAR
Sql: date_day.year = YEAR
DEPART_TIME
. .START_TIME
Sql: flight.departure_time >= START_TIME
. .END_TIME
Sql: flight.departure_time <= END_TIME
..TIME
Sql: flight.departure_time TIME
DEPART_TIME.TIME_MOD
Sql_p: SELECT @time := DEPART_TIME.TIME_MOD(flight.departure_time)
FROM $1 WHERE
Sql: flight.departure_time = Qtime
ARRIVE_DATE
Sql: flight.flight_days = days.days_code AND days.day_name =
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date_day.day_name AND $2 AND flight.departure_time >
flight.arrival_time AND (flight.time_elapsed >= 60 OR
flight.arrival_time < 41)

Table: days, date_day

. .DAY_NAME

Sql: date_day.day_name = ’DAY_NAME’

. .DAY_NUMBER

Sql: date_day.day_number = DAY_NUMBER

. .MONTH_NUMBER

Sql: date_day.month_number = MONTH_NUMBER

. .YEAR

Sql: date_day.year = YEAR

ARRIVE_1_DATE
Sql: flight.flight_days = days.days_code AND days.day_name =

date_day.day_name AND $2 AND NOT(flight.departure_time >
flight.arrival_time AND (flight.time_elapsed >= 60 OR
flight.arrival_time < 41))

Table: days, date_day

. .DAY_NAME

Sql: date_day.day_name = ’DAY_NAME’

. .DAY_NUMBER

Sql: date_day.day_number = DAY_NUMBER

. .MONTH_NUMBER

Sql: date_day.month_number = MONTH_NUMBER

. .YEAR

Sql: date_day.year = YEAR

ARRIVE_TIME
. .START_TIME

Sql: flight.arrival_time >= START_TIME

. .END_TIME

Sql: flight.arrival_time <= END_TIME

. .TIME

Sql: flight.arrival_time TIME
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ARRIVE_TIME.TIME_MOD
Sql_p: SELECT @time := ARRIVE_TIME.TIME_MOD(flight.arrival_time)
FROM $1 WHERE
Sql: flight.arrival_time = Qtime
FARE_CAT
Sql: flight.flight_id = flight_fare.flight_id AND
flight_fare.fare_id = fare.fare_id
Table: flight_fare, fare
. .ROUND_TRIP
Sql: ROUND_TRIP
. .CLASS_TYPE
Sql: fare.fare_basis_code = fare_basis.fare_basis_code AND
fare_basis.class_type = ’CLASS_TYPE’
Table: fare_basis
. .ECONOMY_TYPE
Sql: fare.fare_basis_code = fare_basis.fare_basis_code AND
fare_basis.economy = ECONOMY_TYPE
Table: fare_basis
. .FARE_BASIS_CODE
Sql: fare.fare_basis_code = ’FARE_BASIS_CODE’
. .FARE_AMOUNT_SINGLE
Sql: fare.one_direction_cost FARE_AMOUNT_SINGLE
. .FARE_AMOUNT _ROUND
Sql: fare.round_trip_cost FARE_AMOUNT_ROUND
. .DISCOUNT
Sql: fare.fare_basis_code = fare_basis.fare_basis_code AND
fare_basis.discounted = ’DISCOUNT’
Table: fare_basis
. .DEPART_DATE
Sql: fare.fare_basis_code = fare_basis.fare_basis_code AND
fare_basis.basis_days = days.days_code
Table: fare_basis, days
ATRLINE_CODE
Sql: flight.airline_code AIRLINE_CODE
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ATRLINE_NAME
Sql: flight.airline_code = airline.airline_code AND
airline.airline_name LIKE ’AIRLINE_NAME}’
Table: airline
ATRPORT_NAME
Sql: (flight.from_airport = airport.airport_code AND
airport.airport_name LIKE ’AIRPORT_NAME}’) OR
(flight.to_airport = airport.airport_code AND
airport.airport_name LIKE >AIRPORT_NAME),’)
Table: airport
CITY_NAME
Sql: flight.from_airport = city_airport.airport_code AND
city_airport.city_name = ’CITY_NAME’ OR
flight.to_airport = city_airport.airport_code AND
city_airport.city_name = ’CITY_NAME’
Table: city_airport
STOP_CONNECT
....FLIGHT_STOP
Sql: flight.stops = FLIGHT_STOP
....CONNECT
Sql: flight.connections CONNECT
FLIGHT_NUMBER
Sql: vO.flight_id = flight_leg.flight_id AND
flight_leg.leg_flight = flight.flight_id AND
flight.flight_number = FLIGHT_NUMBER
Table: flight_leg, flight
FLIGHT_DAYS
Sql: flight.flight_days = ’FLIGHT_DAYS’

ATRCRAFT_CAT
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Sql: flight.aircraft_code_sequence =
equipment_sequence.aircraft_code_sequence AND
equipment_sequence.aircraft_code = aircraft.aircraft_code

Table: equipment_sequence, aircraft

....ATRCRAFT_CODE

Sql: aircraft.aircraft_code = ’*AIRCRAFT_CODE’ OR
aircraft.basic_type = ’AIRCRAFT_CODE’
. .MANUFACTURER
Sql: aircraft.manufacturer = ’MANUFACTURER’
. .PROPULSION
Sql: aircraft.propulsion = ’PROPULSION’

MEAL

Sql: flight.meal_code = food_service.meal_code

Table: food_service

. .MEAL_DESCRIPTION
Sql: food_service.meal_description = ’MEAL_DESCRIPTION’
. .COMPARTMENT
Sql: food_service.compartment = ’COMPARTMENT’
FLIGHT_MOD
Sql: $=

}
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