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Abstract

We present a natural-language customer service appli-
cation for a telephone banking call center, developed as
part of theamITIES dialogue project (Automated Multi-
lingual Interaction with Information and Services). Our
dialogue system, based on empirical data gathered from
real call-center conversations, features data-driven tech-
niques that allow for spoken language understanding
despite speech recognition errors, as well as mixed sys-
tem/customer initiative and spontaneous conversation.
These techniques include robust named-entity extrac-
tion and vector-based task identification and dialogue
act classification. Preliminary evaluation results indi-
cate efficient dialogues and high user satisfaction, with
performance comparable to or better than that of current
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such as spotting keywords, or expecting specific input in re-
sponse to directed system questions. More complex systems
use deeper models of understanding, which try to construct
deep linguistic representations of user input. Additionally,
there is the effort involved in constructing or adapting under-
standing components to new tasks, domains or languages.
This paper outlines work performed as part of ghe -

TIES project to discover to what extent we can leverage
recorded human-human dialogue data to build a data-driven
SLDS. One effect of this work is the use of human-human
data to characterize elements of an information-seeking dia-
logue which existing human-computer interfaces fail to rep-
resent. There are arguments which claim specifically that
human-human data is not useful as a basis for building
human-computer systems, because of the level of dysfluen-

conversational information systems. cies, ellipsis and anaphora (Dahtik & Jonsson 1992). Oth-

ers point out that the usability of natural language systems,
Introduction espepial]y spoke_n language dia]ogue systems in the telecom-

munications setting, could profit from techniques that allow
Spoken language dialogue systems (SLDS) have been inysers to engage in more natural dialogues (Karis & Dobroth
evidence for some time. Early systems were usually con- 1991).
fined to highly structured domains, where a restricted, reg-  We recognize that in recent years, the performance of key
ularized language set could be expected, such as train time-components in SLDS has increased dramatically. In particu-
tabling scenarios, for example SUNDIAL (Peckham 1993) |ar, the level of word error rate (WER) for automatic speech
and ARISE (Lamekt al. 1999). Later dialogue systems, recognition (ASR) engines has fallen to a level where per-
like those in the US Defense Advanced Research Projects haps we can forgo strategies of understanding which min-
Agency (DARPA) Communicator program (Walket al. imize the effect of poor speech recognition, and can ex-
2001,7), allowed more complete travel planning but stillre-  periment with established language processing technologies
lied heavily on the regular nature of information interchange from other related fields of research, such as information re-
in these scenarios. Although by now competent at perform- trieval (IR) and information extraction (IE).
ing this role, with reasonable task completion rates (an av-  TheamITIES project seeks to develop novel technologies
erage of 56% across Communicator), the systems are canfor building empirically induced dialogue processors to sup-
be somewnhat inflexible and abrupt in approach, often as a port multilingual human-computer interaction, and to inte-
consequence of poor speech recognition. grate these technologies into systems for accessing informa-

Spoken language understanding in the context of these tion and servicées

systems means the ability to recognise key concepts or enti-
ties in user input which relate to the domain. For example, in

Corpora
train time-tabling, we need the departure station, destination P .
station, and dates of travel. This can be extremely simple, /A 1arge corpus of recorded, transcribed telephone conversa-
tions between real agents and customers gives us a unigue

“This paper is based on work supported in part by the European OPPOrtunity to analyze and incorporate features of human-
Commission under the 5th Framework IST/HLT Program, and by human dialogues into our automated system. The data we
the U.S. Defense Advanced Research Projects Agency. have collected spans two different application areas: soft-
Copyright © 2005, American Association for Atrtificial Intelli-
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ware support and customer banking. The financial domain

main of travel planning. To achieve this, all sites involved

corpus currently stands at 1,000 dialogues, comprising some in the program were encouraged to use a single dialogue

30,000 utterances and a vocabulary size of around 8,000
words. This corpus forms the basis of our initial multilin-
gual triaging application, implemented for English, French
and German (Hardy, Strzalkowski, & Wu 2003); as well
as our prototype automatic financial services system, pre-
sented in this paper, which completes a variety of tasks in
English (Hardyet al. 2004). The much larger software sup-
port corpus (10,000 calls in English and French) is still be-
ing collected and processed and will be used to develop the
nextAMITIES prototype. All conversations were recorded in
call centers in Europe, and are anonymized following strict
guidelines whereby all names, account numbers and per-
sonal information are removed from the audio data and re-
placed by generic substitutes in the word transcripts. For an-
notation, we have used a modified DAMSL tag set (Core &
Allen 1997) to capture the functional layer of the dialogues,

platform, the Galaxy Communicator Software Infrastructure
(GCSI) (Senefiet al. 1998). Systems developed under this
program include CMU'’s script-based dialogue manager, in
which the travel itinerary is a hierarchical composition of
frames (Xu & Rudnicky 2000). The AT&T mixed-initiative
system uses a sequential decision process model, based on
concepts of dialogue state and dialogue actions (Leva.
2000). MIT’s Mercury flight reservation system uses a di-
alogue control strategy based on a set of ordered rules as a
mechanism to manage complex interactions (Seneff & Po-
lifroni 2000). CU’s dialogue manager is event-driven, us-
ing a set of hierarchical forms with prompts associated with
fields in the forms. Decisions are based not on scripts but on
current context (Ward & Pellom 1999).

Data-Driven Understanding

and a frame-based semantic scheme to record the semantic

layer (Hardyet al. 2003). By adopting the general DAMSL

markup scheme, we hope in a later stage to be able to ac-

quire domain-independent models of dialogue, although we
recognize that we might sacrifice some highly specific func-
tional information. For example, travel domains have di-

alogue acts such as give-departure-airport, which indicate
specific information inside the utterance. Models of dia-

logue derived from these tags would then be unsuitable if
moved to the financial banking domain.

Related Work

Approaches to designing dialogue systems range from 1) fi-
nite state models, which are suitable for only the simplest
of tasks, with a limited number of possible states and transi-
tions; to 2) form-filling models, in which the user can answer
system prompts with additional or out-of-order information
to fill slots in a frame; to 3) more complex plan-based mod-
els, such as the classic TRAINS project, which require the
system to reason about an explicit model of the domain, so
that the system can conduct collaborative problem-solving
between itself and the user (Allest al. 1995), (Allenet

al. 2001). There has been a proliferation of dialogue sys-
tems in the last decade, although the similarity of applica-
tion domains is no accident. Early systems, such as SUN-
DIAL (Peckham 1993) and PEGASUS (Ze¢ al. 1994),
dealt with flight and travel reservations. Such domains are
highly structured, and the language used is easy to predict
and model. SUNDIAL, for example, had a vocabulary of no
more than 2000 words. Later systems tried new domains,
such as the JUPITER conversational interface for weather
information (Zueet al. 2000), or added new modalities to
the spoken-language travel application, like a touch-screen
for both the MASK kiosk, which provides train information
and reservations (Lamek al. 2002) and the MATCH sys-
tem for restaurant and subway information (Johnsbal.
2002).

The US DARPA Communicator program has been instru-
mental in bringing about practical implementations of spo-
ken dialogue systems. The goal was to support rapid de-
velopment of speech-enabled dialogue systems, in the do-

When talking about spoken language understanding, we
have to differentiate between deep and shallow methods of
understanding content. Shallow understanding can be as
simple as spotting keywords, or having lists of, for exam-
ple, every location recognised by the system. Several sys-
tems are able to decode directly from the acoustic signal
into semantic concepts precisely because the speech recog-
niser already has access to this information (Young 2002;
Wang, Mahajan, & Huang 2000). Deeper analysis can
leverage a number of linguistic methods, including part-of-
speech tagging, syntactic parsing and verb dependency rela-
tionships.

The trade-off between these two approaches is usually one
of speed versus the ability to deal with ambiguity of one
form or another. It is possible that deeper approaches can
offer more help to the user in the case of misunderstandings
or error correction; however, they can often be slower and it
is not clear to what extent complex ambiguities occur in the
kind of dialogue systems being deployed at present.

Here we present the spoken language understanding com-
ponents of theamITIES system. We have adopted existing
language processing software to recognise key concepts in
our target domain. This approach uses a series of shallow
approaches, which in combination appear to achieve good
results. We attempt understanding of the utterances based
on the semantic content, in terms of key concepts defined by
our domain, and functional structure, in terms of dialogue
act detection.

Semantics

The goal of the natural language understanding component
(NLU) is to take the word string output of the ASR mod-
ule, and identify key semantic concepts relating to the tar-
get domain. Increasingly, recognition engines can perform
direct acoustic wave to semantic concept recognition with
some success, although this tends to be limited to highly
specific domain-based applications (Young 2002). An al-
ternative approach would be simple keyword spotting, al-
though again this is restricted to straightforward slot-filler
dialogues, where utterance length and context are such that



ambiguities, both across utterances and within the utterance engine, we could use patterns to spot likely occurrences of
(such as multiple keywords), are likely to be a rare phe- entities despite the presence of recognition errors. This is
nomenon. Some speech providers, Nuance among them, of-a significant advantage over keyword spotting systems. In
fer an ASR-NLU integrated component with the possibility order to extract the entities used AMITIES, we have up-

of directly filling slots with information from the recognized  dated the gazetteer, which works by explicit look-up tables
text. This has the advantage of an easy implementation, but of potential candidates, and modified the rules of the trans-
at the cost of being heavily dependent on the ASR engine. ducer engine, which attempts to match new instances of
Reliance on features implemented by a specific off-the-shelf named entities based on local grammatical context. There
product would have serious consequences for the system’sare some significant differences between the kind of prose
flexibility. Within AMITIES, our goal is to create a multi-  text more typically associated with information extraction,
lingual system with the possibility of working with different  and the kind of text we are expecting to encounter. Current
recognizers. This led us to the decision of creating a multi- models of IE rely heavily on certain orthographic informa-

lingual, stand-alone NLU engine. tion, such as capitalized words indicating the presence of
) a name, company or location, as well as punctuation. We
IE for dialogue have access to neither of these in the output of the ASR en-

The recognition of key concepts in the utterance can be seendine, and so it was necessary to retune our processors to data
as a specialized kind of information extraction (IE) appli- which refle_cted that. In addition, we created new proc_essmg
cation, and we have adapted existing IE technology to this resourcesin the_ modified ANNIE, suqh as those required to
task. |E has made significant advances in recent years, in SPOt number units and translate them into textual representa-
no small part thanks to the successful Message Understand-tions of numerical values; for example, to take twenty thou-
ing Conferences, also known as MUC (SAIC 1998). Al- sand one hundred and fourteen pounds, and produce 20,114.
though composed of many tasks, central to IE is the idea of The ability to do this is of course vital for the performance
named entity (NE) recognition. The NEs used in MUC tasks ©f the system.
were specific to each application, but there are core entities  If none of the main entities can be identified from the to-
used across domains, including person, location, organiza- ken string, we create a list of possible fallback entities, in
tion, date, time, money and percent. The domaimaf - the hope that partial matching would help narrow the search
TIES, that of financial banking, is such that we need to be Space. For instance, when trying to recognise an account
able to recognize some additional NEs in order to perform number, represented by a seven-digit numeric sequence, if
the required tasks. Specifically, we are interested in account We fail to recognise all the numbers, we still send an incom-
numbers, debit card numbers, person names, dates, amountplete sequence to the database server for partial matching.
of money, addresses and telephone numbers. The main strategy used by the NLU modulexmITIES was

For theamiTIES NLU component we have used a mod-  t0 present as much information as possible to the dialogue
ified version of the ANNIE engine (A Nearly-New IE sys- Mmanager, where an interpretation could be made consider-
tem; (Cunninghanet al. 2002) (Maynard 2003). ANNIE is ing the context. For instance, the utterance twenty three four
distributed as the default built-in IE component of the GATE  hineteen five oh (23 4 19 5 0) could be interpreted both as an
framework (Cunningharat al. 2002). GATE is a pure Java- ~ account number (2341950) and as a date (23/4/1950). The
based architecture developed over the past eight years at theNLU offers both formats to the dialogue manager, which can
University of Sheffield Natural Language Processing Group. then choose based on context (e.g., account number has been
ANNIE has been used for many language processing appli- supplied, but birth date is missing).
cations, in a number of languages both European and non- ) i
European. This versatility makes it an attractive proposition Functional Properties

for use in a multilingual speech processing project. ANNIE | conjunction with recognising the semantic content, we try
includes customizable components necessary to completetg ascertain the functional property of the utterance, in terms
the IE task: tOkenlzer, gazette_er, Senter:lce Splltter, part of of the associated dia|ogue act. Dia|ogue act (DA) recog-
speech tagger and a named entity recognizer based on a pownjtion is an important component of most spoken language
erful engine named JAPE (Java Annotation Pattern Engine) systems. Searle (1969) introduced speech acts (extending
(Cunningham, Maynard, & Tablan 2000). If gazetteer infor- the work of Austin (1962)f as a fundamental concept of
mation for each target language is available, the nature of |inguistic pragmatics, analyzing, for example, what it means
ANNIE and the patterns needed to recognize entities mean tg ask a question or make a statement. Although major dia-
that the process is to some extent language-independent, ifjogue theories treat DAs as a central notion (see, for exam-
appropriate processing resources are available. For exam-ple, Grosz & Sidner (1986) and Allest al. (1996)), the con-
ple, some patterns used for entity recognition rely on part- ceptual granularity of the DA labels used varies considerably
of-speech tags, produced in the English version using a mod- among alternative analyses, depending on the application or
ified version of the Brill POS tagger (Brill 1992). domain.

Given an utterance from the user, the NLU unit prOdUCES Two key approaches use machine |earning over anno-

both a list of words for detecting dialogue acts, an important tated corpora to recognize dialogue acts. First, there are n-
research goal inside this project, and a frame with the pos-

sible named entities specified by our application. By using 2the terms speech acts, dialogue acts and dialogue moves are
a named entity recognizer based on a fast pattern-matching often used interchangeably



Text: “sure, okay"
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Categories returned: Backchannel, Expression, Accept

Figure 1: DA classification example one

gram or HMM language modelling approaches, exploiting
techniques from speech recognition. Reithinger & Klesen
(1997), for example, apply such an approach to the VERB-
MOBIL corpus, which provides rather limited training data,
and report a 74.7% tagging accuracy. Stolekal. (2000)
apply a more complicated n-gram method to the SWITCH-
BOARD corpus (Jurafsket al. 1998), using HMM mod-
els of both individual utterances and DA sequences. They
report 71% accuracy, using 198,000 utterances for training
and 4,000 utterances for testing. Recent work by Webb,
Hepple, & Wilks (2005) shows that a simple classification
technique using word n-grams as significant DA cues can
achieve cross-validated results at around 70% accuracy.

A second approach, based on transformation-based learn-

ing (Samuel, Carberry, & Vijay-Shanker 1998), achieves a
tagging accuracy of 75.1% on VERBMOBIL, using features

such as utterance length, speaker turn and the DA tags of ad-

jacent utterances.

These performance differences, with a higher tagging ac-
curacy score for the/ERBMOBIL corpus despite signifi-
cantly less training data, can be seen to reflect the differen-
tial difficulty of tagging for the two corpora. ThewITCH-
BOARD cOrpus comprises conversations of an unstructured,
non-directed character, which hence exhibit much greater
semantic variability tharverBmoBIL, and have therefore
been thought to present a more difficult problem for accu-
ratebA modelling.

The purpose of our DA Classifier Frame Agent is
to identify a caller's utterance as one or more domain-

independent dialogue acts. These include Accept, Reject,

Text: "certainly not"
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Figure 2: DA classification example two

Non-understanding, Opening, Closing, Backchannel, and
Expression. We have trained the DA classifier on our cor-
pus of transcribed, labeled human-human calls, and we have
used vector-based classification techniques. Importantly,
based solely on intra-utterance features (such as the words)
an utterance may have multiple correct classifications. We
filter out the usual stops, including speech dysfluencies,
proper names, humber words, and words with digits; but we
need to include words such geah, uh-huh, hi, ok, thanks,
pardonandsorry.

Some examples of DA classification results are shown in
Figures 1 & 2. Forsure, ok the classifier returns the cate-
gories Backchannel, Expression and Accept. If the dialogue
manager is looking for either Accept or Reject, it can ignore
Backchannel and Expression in order to detect the correct
classification. In the case afertainly not the first word
has a strong tendency toward Accept, though both together
constitute a Reject act. Our classifier performs well if the ut-
terance is short and falls into one of the selected categories
(86% accuracy on the British data); and it has the advan-
tages of automatic training, domain independence, and the
ability to capture a great variety of expressions. However,
it can be inaccurate when applied to longer utterances, and
it is not yet equipped to handle domain-specific assertions,
questions, or queries about a transaction.

System Evaluation

Where possible, we have presented evaluation of individual
understanding components, even if these are only indicative.
The ANNIE system for information extraction has under-



gone some significant evaluation on written prose. The NE complexity is defined as the number of concepts needed to
recognition of ANNIE over a news corpus (looking for the complete each task. Figures 4 & 5 illustrate the relation-
standard MUC NE classes) returned figures of 89% preci- ship between length of call and task complexity. It should
sion and 91.8% recall, for a combined f-measure score of be noted that customer verification, a task performed in ev-
90.4% (Maynard, Bontcheva, & Cunningham 2003). We ery dialogue, requires a minimum of 3 personal details to be
fully expect theamITiIES ANNIE system to perform at a verified against a database record, but may require more in
lower accuracy rate, due in part to errors in speech recog- the case of recognition errors.

nition output, and no orthographic information to leverage; The overall average number of turns per dialogue was
however an indicative evaluation shows promising results. 18.28. Users spoke an average of 6.89 words per turn and
Ten users (5 at our UK site and 5 in the US) interacted with the system spoke an average of 11.42 words. User satisfac-
the system 9 times each, creating a total of 90 interactions. tion for each call was assessed by way of a questionnaire
Each user had to perform 9 scenarios, the performance of containing five statements. These covered the clarity of the
which required the system to recognise on average around 9instructions, ease of doing the task, how well the system
concepts or semantic entities each. For example, if the sys- understands the caller, how well the system works, and the

tems asks fonameandpostcodeand the user repliedohn
Smith, S10 1Slthis represents three conceptfirstname,
lastnameand postcode Over the 90 calls, the NLU com-

caller’s enjoyment of the system. Participants rated each on
a five-point Likert scale. Summed results showed an average
score of 20.45 over all users (range 5-25; higher = stronger

ponent had an average recognition accuracy of 80%, which agreement).
is acceptable, if only indicative at this stage. The concept
recognition performance varied depending on the user, from
a best of 89% to a low of 70% over all concepts.

It is possible to gain extra information from our full sys-
tem evaluation. Ten native speakers of English, 6 female
and 4 male, were asked to participate in a preliminary in-lab
system evaluation (half in the UK and half in the US). The
AMITIES system developers were not among these volun-
teers. Each made 9 phone calls to the system from behind a
closed door, according to scenarios designed to test various

Number of concepts
[+2]

customer identities as well as single or multiple tasks. After 2
each call, participants filled out a questionnaire to register 0
their degree of satisfaction with aspects of the interaction. 1 2 3 4 5 6 7 B9

Overall call success was 70%, with 98% successful com- Scenario
pletions for the Verifyld and 96% for the CheckBalance sub-

tasks. Failures were not system crashes but simulated trans-
fers to a human agent. There were 5 user terminations. Task

completion rates for each sub-task can be seen in Figure 3.

Figure 4: Number of Concepts by scenario
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Figure 3: Task Completion Figure 5: Call Duration by scenario

Average word error rates were 17% for calls that were  Although user satisfaction was high, we were more in-
successfully completed, and 22% for failed calls. Word er- terested in identifying the major problems for the callers.
ror rate by user ranged from 11% to 26%. Call duration Users were often frustrated by recognition failures and/or
was found to reflect the complexity of each scenario, where unsuccessful attempts to capture values such as a new street



address, county, or phone number. Sometimes the system We are currently working on transfering the system to a

failed to determine that the user was finished. Because the
system is designed to be non-restrictive in accepting users’
input, misidentifications were common. We plan to revise
our strategy so that we are a little more cautious in our re-
prompts. Occasionally, the system misidentified the user’s
desired task and had difficulty backing off gracefully and
starting the correct task. We are working on improving our
recovery strategies for these cases.

Discussion

The preliminary evaluation reported here indicates promise
for an automated dialogue system such as ours, which incor-
porates robust, data-driven techniques for information ex-
traction and dialogue act classification. Task duration and
number of turns per dialogue both appear to indicate greater
efficiency and corresponding user satisfaction than many
other similar systems. In the DARPA Communicator eval-
uation, for example, between 60 and 79 calls were made to
each of 8 participating sites (Walket al. 2001) (Walker

et al. 2002). A sample scenario for a domestic round-
trip flight contained 8 concepts (airline, departure city, state,
date, etc.). The average duration for such a call was over

300 seconds; whereas our overall average was 104 seconds

for a similar average number of concepts (around 8.8). In
part this can be attributed to the ability of our system to
prompt for, and receive, multiple variables in a single ut-
terance. Our robust IE techniques have proved invaluable
to the efficiency and spontaneity of our data-driven dialogue
system. In a single utterance the user is free to supply sev-
eral values for attributes, prompted or unprompted, allowing
tasks to be completed with fewer dialogue turns.

This flexibility is made possible by the significant im-
provement in ASR accuracy rates. In 2001, the Commu-
nicator ASR word error rates were about 40% for airline
itineraries not completed and 25% for those completed; and
task completion rates were 56%. By comparison, our WER
of 17% for successful calls is a huge improvement, and is
reflected by high user confidence in calling the system. Our
average number of user words per turn, 6.89, is also higher
than that reported for Communicator systems. This num-
ber seems to reflect lengthier responses to open prompts,
responses to system requests for multiple attributes, and
greater user initiative.

Exactly how much of this system improvement is at-
tributable to improved ASR performance is an interesting
guestion. In one evaluation metric devised for SLDS, the
PARADISE framework (Walker 2000), dialogue manage-
ment strategies can be optimized using machine learning, to
provide higher task completion (and so better user satisfac-
tion). The resultant dialogue strategy minimizes the impact
of the worst performing component, the speech recognizer.
Short, system-initiative utterances, which heavily constrain
user input, are favoured, as might be expected. However, if
the ASR does not place such a heavy restriction on the op-
eration of the system, it appears that we can make the inter-
action more natural, users more comfortable, and the system
achieves the goal of increased conversational competency.

new domain: from telephone banking to computer helpdesk
support. As part of this effort we are again collecting and
analyzing data from real human-human calls. For advanced
speech recognition, we hope to train our ASR on new acous-
tic data. We also plan to expand our dialogue act classifica-
tion so that the system can recognize more types of acts, and
to improve our classification reliability.
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