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Abstract

The search for a standardized optimum way to concate using natural language dialog has involvéot &f research. However,
due to the diversity of communication domains, hiek that this is extremely difficult to achievedadifferent dialog management
techniques should be applied for different situsioOur work presents the basis of a communicatiechanism that supports
decision processes, is based on decision treesmamichizes the number of steps (turn-takes) in diedog. The initial dialog
workflow is automatically generated and the usiertsraction with the system can also change thesibectree and create new dialog
paths with optimized cost. The decision tree regmtssthe chronological ordering of the actions thimparent-child relationship) and
uses an object frame to represent the informatiate capturing the notion of context). This papegsents our framework, the
formalism for interaction and dialog, and an evabraof the system compared to relevant dialog mlegn frameworks (i.e. finite state
diagrams, frame-based, information state and ptapbased dialog systems).

arrangements (Bobrow et al., 1977), and the ATIPu®
Introduction for air traffic information systems (Hemphill et.al

Dialog is the fundamental communication mechanism. 1990)) using va_lrious techniques. A nur_nber of matric
Most of the research involving dialog managememt fo have been. con§|dered to evalgate sug:h dlalqg systam
artificial systems has been focused on the seaschaf user's satisfaction, the duration of interactiond ahe

common formalism that can implement all possible numbers of turns involved In cqmpletlng a tasl§.
formalisms and, at the same time, to be optimaindigg Currently, the common perception is that a dialsg i

a specific metric (e.g. duration of dialog, numbéturn- ~ Composed of atomic units called speech acts that ar
takes, user's satisfaction). Our work focuses spexific ~ action performed by the speaker as utterancedlialag

set of problems that can be represented usingidecis (Schegloff, 1968). Furthermore, these speech ads a
trees. This extends mix-initiative dialog systemighw €ndowed with a more complex function once they are

learning a tree of probabilistic optimal dialog fpafrom ytilized in a convgrsation: th_ey become speech_\a'uts
a set of previous dialog paths executed by humiens. internal conversational functions (denoted as diaots

metric that we want to optimize in this case isnbenber ~ Of conversational moves (Bunt, 1994, Traum and
turn-taking steps in the dialog. In order to eveduaur Hinkelman, 1992). These conversational moves aed us
approach, we implemented a framework that acts as Py the dlalog.manager to resolve a goal in someaiwm
credit card application screening manager. We use a WOrld- The dialog manager is the component thagsak
initial dataset collected by human operators tostogt € input from the speech recognition (ASR) and the
an initial decision tree. The dataset represemtptsitive ~ natural language understanding (NLU) components,

and the negative instances of people who were oe we '€aSONs about an internal task, and passes thetdotp
not granted credit based on a set of differentemf € natural language generation (NLG) and the text-

attributes with values: period lived at the curradtress, _speech synthesis (TTS) modules. This_ handling ¢h bo
current salary, availability of a savings accouage, inputs and outputs creates the premises to conduct

defaulted on a loan (yes/no), number of other treatids dialo_g Wit_h_ the user. .

that the person already has, ever declared bardyugdic. We identified various approaches of dialog manageme
Our method integrates expectations about how wsitrs " literature: finite state diagram based, frameeh
answer questions (in effect, distributions over rsise Planning and information-state dialog managers, and

responses to questions, which we see as a userlmodgPropabilistic based. . - .

with a model of the task (e.g. how credit decisians [ Nite-state dialog systems are fixed finite sta@chines,
made). Using decision trees to tackle this is meho " which the system has the initiative at each amd the
approach. user answers exactly the question that the systkeda

First, we present a summary of facts about humanObvioust, it is difficult to create mixed initiag
conversation, turns and utterances, speech acts, anSYSt€MS with finite state dialog managers becabse t

dialog techniques. Then, in the main section weothice ~ NUMber of states can be very large (i.e. sepatafessare

the components of our conversational language myste reauired for each pcljsskjbledzubse.t of questions tiiat
and the formalism used to represent dialogs. In theUSErs statement could be addressing).
evaluation section we present our dialog mechasism’ Frame-based (or form-based) dialog managers ask the
performance and compare it to other dialog techesqu  US€T questions to fill slots in a frame (form), bestricts
including state machine, frame-based, informatiasel e user to fill slots in the same frame only. Ealdt is
and planning-based techniques. assomateq to a question (e.g. if .the empty sldtity”,

the question is “What is the city?”). More advanced
: frame systems may also allow slots to be filledriare
Conversational wstems_ L than one frame (e.g. DARPA Communicator (Walker et
In the past 30 years, artificial dialog systemseheen 5| 2001))) or to disambiguate which slot is fillby the
developed for domain directed dialogs (e.g. makiagel



user’s response by defining sets of productionsr{eg.
the Mercury flight reservation system (Seneff, 2002

(i.e. which attribute provides the greatest infdiiora
gain at each step)? To answer this question, wepatem

More advanced dialog management techniques use Athe information gain,Gain(S A) of all attributesA,

planning techniques for controlling the conversatia
planning domains (e.g. SmartKkom (Lockelt, 2004),
TRINDIKIT (Larsson and Traum, 2000)). This requires
the conversation acts to be defined like any o#wion
with preconditions and effects on the internalestat

One disadvantage of finite state, frame-based dad- p
based dialog management techniques is that thegdial
manager has to manually develop the dialog (i.ecldg
the state machines, the frames or the actions thékr
preconditions, generic state updates and post-tons).
Also, the structures of the dialog are fixed, magrnhat
the current dialogs do not optimize future dialoiyew
probabilistic-based dialog management technique we
developed (Levin, Pieraccini, and Eckert, 2000 |ifits,
Poupart, and Young, 2005, Tetreault and Litman,6200
to construct the dialog workflow automatically froam
initial dataset of conversations for a specific @m(by
using Markov Decision Processes,
learning, Partially Observable Markov Decision
Processes or other statistical based methods). Mfost
these methods search for standardized way to eaqres
all dialogs or a large range of conversational esyst
However, due to the diversity of communication
domains, we think that it is extremely difficult &chieve
an optimum solution for all different dialog managnt

reinforcement

relative to the collection of examples S, and wectehe
attribute A for whichGain(S, A) is the maximum. Then,
we create a node with the attribute A in the decidree
and we continue the process until we have no more
attributes left (i.e. the decision path is compleféhe
information gainGain(S A) is defined as:

>

veValues(A)

MEntrcr.uy(Su)

Gain(5, A) = Entropy(S) — IS0

where Values(A) is the set of all possible values for
attribute A, and S, is the subset ofS for which the
attribute A has valuev (i.e., S, = {s O JA(s) = Vv}). The
entropy of the sebis defined as:

L3

Entropy(8) = Z —pilog, p;

i=1

wherec is different values that can be taken by the targe
argument, ang, is the proportion of belonging to class

i

Using the decision tree, our dialog manager is able
construct a dialog with the user following the esige
corresponding to the values of the attributes ¢oathin
the responses from the user. As a result, the glialo

techniques. In our framework we address a simplerconsists of a minimal number of turns.

problem: that of decision processes for classificat
which minimizes the number of take-turns. We carcitr
a decision tree completely automatic from an ihget of
dialogs in a specific classification domain (e.gedit
application screening). An additional feature ofr ou

Each dialog can be recorded, verified and validatgé
human operator. This operator can change the
classification result of the target concept. As a
consequence, the dialog manager will refine théstet
tree automatically using standard algorithms from

approach is that each dialog verified by a human (Quinlan, 1993). The modified tree can be subsettyen

supervisor adds its contribution to the decisioeetr
influencing future dialogs.

M ethods
Our conversational system’s architecture contaimes t
following units: a speech recognition module, aurat

used in future dialogs.

The problems that can occur in this process arsings
values for the selection attributes (i.e. when treer
cannot provide information to a specific questidn)this
case, we have two options: either move to the Isighe
probability current node’s child or get all patharsng

language understanding module, the dialog and taskfrom the current node and iteratively select thédoen
completion manager, the natural language generatiorwith the greatest probability value. In the secoase, the

module and the text-to-speech synthesis module.tbue

process will follow a parallel search of all possikuture

space constraints, we will describe only the dialog paths.

manager unit. Its goal is to update the dialog exmtto
interface the dialog system with the external aapions
and databases, and to decide what dialog act toutxe
next.

The dialog manager is based on probabilistic decisi

trees (Quinlan, 1993, Quinlan, 1987) and can solvedecision

decision problems. Our dialog manager uses armlirsét

of dialogs collected by human operators to leard an
construct the initial decision tree. The dat&ebntains a
set of values for the target concept associatel wjtles
(frames) of attributes (slots)As i =1,n>. A decision tree

Results

To evaluate our approach, we implemented a framiewor
which acts as a credit card application screeniagager.
We used the initial dataset (see Figure 1) to btlikl
tree. Our dataset contained 26 different
attributes: period lived at the current addressyecu
salary, availability of a savings account, ageadiéd on

a loan (y/n), number of other credit cards thatpgbeson
already has, ever declared bankruptcy, etc. Dwspéoe
constraints, we simplified the decision tree in Higure 2

is a tree in which all childless nodes contain a of this paper to only 4 attributes.

classification for the target concept, the nodeshwi
children contain a set of dialog acts in which va&ie for
one slot (attribute)A; in the structure is inquired,
confirmed and validated, and the edges are labeibda
value or a condition for the attribuégin the parent node.
The problem is finding the minimum height decistoze
that classifies the target concept. The questicat th
follows is which attribute is the best classifieeach step



Employment| Years| Savings Bankruptcy Credit
no (self- 10 100,000 yes yes
employed)
no - 5,000 yes no
yes 1 2,000 no yes

Figure 1: Initial dataset of credit approvals

Figure 4. Average time to complete a credit scirggni
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Figure 2: Decision tree foedit screening

In Figure 3, we show a credit application examphéciv
lacks information. At each step the system comptlies
probability of all the future states and chooses rost
probable node. In this specific example the system
computed that the “Credit granted” classificaticed ha
greater probability than the “Credit not granted”
classification.

System: Did you ever declare bankruptcy?
User: No.

System: Are you employed?

User: I cannot tell you that.

System: How much do you have in savings?
User: Fifteen thousand dollars.

é&/stem: OK. We grant your credit.

Figure 3: Schematic diagram of speech production.

We implemented similar versions of the credit soieg
application as: a finite-state system, a frame-thase
system, a planning system in TRINDIKIT, and a dietis

Satistaction rating (%)

Caedin seme aning

Figure 5. User satisfaction

Discussion

Creating the finite state machine, the frames, fa t
actions for planning (i.e. preconditions, genertates
updates and post-conditions) manually, is a time
consuming and challenging task for the dialog dewet

tree system. Furthermore, we measured the averagend represents a “shared” disadvantage of the fatéte,

number of turn-takes over 20 uses in each (speaséeb
system to complete a credit screening operatioe (se

the frame-based and the planning systems. Our new
approach for decision processes constructs thesidaci

Figure 4), and the users’ perception of the systemtree completely automatic, based on an initial skttaf

(measured as the user satisfaction surveyed arttheof
the interaction) (see Figure 5). Throughout

experiments we obtained results significantly veiténg
the decision tree technigue rather than the otrethods
(state machines, frame-based and plan-based te®)iq

all

aoo

50

pili]

Average tme (sec}

conversations.

Another disadvantage of finite state, frame-basad a
planning based dialog managers is that they aesl fike.
the current dialogs do not optimize the dialog eyst As
opposed to this situation, in our system, eachodial
verified and validated by a human supervisor briitgs
contribution to the decision tree, influencing figu
dialogs.

We also compared our approach with probabilistisea
dialog management techniques developed in (Levin,
Pieraccini, and Eckert, 2000, Williams, Poupartd an
Young, 2005, Tetreault and Litman, 2006). We redche
to the conclusion that we only address a simpleblpm



than these works (that of decision processes forWalker, M., et al. (2001). Cross-site evaluation in

classification which minimizes the number of takens) DARPA Communicator: The June 2000 data
using a novel approach (that of decision treesl, titn our collection”.

knowledge was not used before for dialog management Seneff, S. (2002). Response planning and generation
In all our experiments we considered the input ioleti the MERCURY flight reservation system. In Computer
from the speech recognition engine as accurate. One SPeech and Language, Special Issue on Spoken
problem we studied was how to include the recogniti Language Generation, 16(3-4):283-312.

Lockelt M. (2004). Dialog management in the SmartKo
system. In Proceedings of KONVENS 2004, Vienna,
Austria.

iy : . Larsson, S. and Traum, D. (2000). Information statd
speech recognition hypothesis) and a continuous dialog management  in ghe T)RINDI Dialog Move

component (the recognition confidence score) and using - : s o

an observation functiop(h,c | n), wheren is a node in AEr)r.]glznge_EL%mklt' In Natural Language Engineerings-6(
the decision tree, and the observation funcois the Leviﬁ E. Piéraccini R. Eckert, W. (2000). tachastic
probability of being in the nodeand recognizing a set of model of human-machine interaction for learning

probability in our computation. A possible soluti
using the decomposition olliams, Poupart, and Young,
2005 of the observation into a discrete comporte(the

wordsh with a recognition probabilitg. dialog strategies. In IEEE Transactions on Speech a
One point to mention is how mixed initiative is déed Audio Processing.

in our system (i.e. what happens if the personngme@r  \jlliams, J.D, Poupart, P. Young, P. (2005). Rl
refuses to answer a question and instead provioles s Observable Markov Decision Processes with
other information, or how can the system make Use 0 Continuous Observations for Dialog Management. In
additional information the user provides in resgots a Proceedings of the 6th SigDial Workshop on Disceurs

guestion). We exploited a set of possibilities by and Dialog, Lisbon.
constructing a partial execution tree and computhme Tetreault, J., Litman, D. (2006). Comparing thelitytiof

probabilities of the dialog to be in each of theseles. State Features in Spoken Dialog Using Reinforcement
Because of the extent of this solution, we will ty Learning. In Proceedings of the Human Language
document it in the future. Technology/North  American  Association  for
Another point to mention is that there is no gusearthat Computational Linguistics (HLT/NAACL '06). New
the decision tree will always make the right dexisi York City.

Decision trees will have tguess when they encounter a Quinlan, J.R. (1993). C4.5: Programs for Machine
new case (not in the training data). This guesd wil _ Learning. In Morgan Kaufmann. o

sometimes be wrong. A possible solution is to have ~ Quinlan, J.R. (1987). Simplifying Decision Trees |
exception method, when the system could fall badké International Journal of Man-Machine Studies,
original algorithm when it encountersnaw application 27(3):221-234.

(i.e., an application with a combination of featuri¢

hasn't seen before). In this case other machirmaiten

approaches would be more appropriate (e.g., cesaxdba

learning).

Conclusions

Our research on dialog management for decision
processes shows that by learning the decision fiaes
conversations one can optimize the dialog managemen
Furthermore, the findings of this experiment can be
successfully applied in other dialog applicatiosisch as
contact center solutions or audio Web browsing.
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