Cue Phrase Selection in Instruction Dialogue

Using Machine Learning

Y ukiko I. Nak ano

NTT Information and Communication

Systems Lab oratories

1-1 Hikari-no-ok a, Y okosuk a-shi,

Kanagawa 239-0847 Japan

yukiko@nttnly

.isl.n tt.co.jp

Tsuneaki Kato

NTT Communication Science

Lab oratories

2-4 Hikaridai, Seik a-cho,

Soraku-gun, Kyoto 619-0237 Japan

k ato@cslab.kecl.ntt.co.jp

Abstract

The purp ose of this pap er is to identify e�ective fac-

tors for selecting discourse organization cue phrases

in instruction dialogue that signal changes in dis-

course structure such as topic shifts and attentional

state changes. By using a machine learning tech-

nique, a v ariety of features concerning discourse

structure, task structure, and dialogue context are

examined in terms of their e�ectiveness and the b est

set of learning features is identi�ed. Our result re-

veals that, in addition to discourse structure, already

identi�ed in previous studies, task structure and di-

alogue context play an imp ortant role. Moreover,

an ev aluation using a large dialogue corpus shows

the utility of applying machine learning techniques

to cue phrase selection.

1 Intro duction

Cue phrases are words and phrases, such as \�rst",

\and", \now", that connect discourse spans and add

structure to the discourse b oth in text and dialogue.

They signal topic shifts and changes in attentional

state (Grosz and Sidner, 1986) as well as expressing

the relation b etw een the individual units of discourse

(Mo ore, 1995; R� osner and Stede, 1992). In this

study

, we fo cus on the former kind of cue phrases,

organization cue phrases that signal the structural

organization of discourse.

In instruction dialogue, the organization cue

phrases play a crucial role in controlling dialogue

and making the material easy to understand. More-

over, in dialogue systems, the user cannot compre-

hend the structural organization of the dialogue un-

less the appropriate cue phrases are included in the

system’s utterances. Therefore, for dialogue gener-

ation, we must identify the determining factors of

organization cue phrases and select the cue phrases

appropriately .

In previous studies that have investigated the rela-

tionship b etw een cue phrases and the types of struc-

tural change (e.g. p op, push), the taxonomies of

cue phrases hav e b een presented (Grosz and Sid-

ner, 1986; Cohen, 1984; Schi�rin, 1987). These tax-

onomies are, however, not su�cient for generation

b ecause the corresp ondence b etween cue phrase and

structural change is many-to-many quite often. F or

example, \now",\and", and \next" are all classi�ed

as the category signaling push in attentional state.

Therefore, the indication of structural shifts in discourse is not su�cient to fully constrain cue phrase

selection.

In this study

, we reveal what factors a�ect or-

ganization cue phrase selection, and establish more

precise selection rules for generating instruction dia-

logues. As factors for cue phrase selection, we exam-

ine a v ariety of features concerning discourse struc-

ture, task structure, and dialogue context. The rea-

son that we examine these three factors is as fol-

lows. First, discourse structure is indisp ensable for

selecting cue phrase as claimed in previous stud-

ies (Grosz and Sidner, 1986; Cohen, 1984; Euge-

nio et al., 1997). W e examine some features con-

cerning this factor such as the global structure of

discourse and structural shifts in discourse. Sec-

ond, while the discourse structure provides informa-

tion ab out the preceding discourse, Cawsey (1993)

claimed that information ab out the succeeding dis-

course (e.g., length and complexity) is also necessary

in order to select cue phrases dynamically in dialogue

systems. F rom this p oint of view, task structure is

exp ected to b e e�ective b ecause discourse structure

strongly re ects task structure in task oriented di-

alogue (Grosz, 1977; Guindon, 1986). Finally

, in

contrast to these structural asp ects of dialogue, we

think it imp ortant to consider sequential contexts

of dialogue such as the types of dialogue exchange

(Stenstr� om, 1994) immediately preceding to the cue

phrase.

In this pap er, using a machine learning technique,

C4.5 (Quinlan, 1993), we examine these features in

terms of their e�ectiveness in selecting organization

cue phrase and identify the most e�ective set of

learning features. In addition, we evaluate the accu-

racy of decision trees obtained using a large corpus.

Our result reveals that, in addition to discourse

structure whose e�ectiveness has already revealed in

previous studies, task structure and dialogue context

play imp ortant roles. Esp ecially imp ortant are the

place of the segment in the global structure of the

dialogue and the type of the immediately preceding

dialogue exchange.

The organization of this pap er is as follows. Sec-

tion 2 discusses related work. Section 3 mentions

the annotation of our dialogue corpus while section

4 details the learning exp eriment and its results are

discussed. Section 5 refers to further work and con-

cludes this pap er.

2 Related work

While cue phrases can app ear in di�erent places in

instruction dialogues, we fo cus on the organization

cue phrases that o ccur at the b eginning of discourse

segments referring to goals or direct actions. This

is b ecause such kind of cue phrases have the im-

p ortant function of describing the basic structure of

the dialogue. In a pro cedural instruction dialogue,

the sequence of actions for the pro cedure is directed

step by step. In terms of Rhetorical Structure The-

ory (RST) (Mann and Thompson, 1987), it is con-

sidered that the basic structure of such kind of dis-

course is constructed by connecting segments that

refer to goals or primitive actions with \sequence"

relation (R� osner and Stede, 1992; Kosseim and La-

palme, 1994). Therefore, the cue phrases which o c-

cur at the b eginning of segments that are connected

with \sequence" relation and refer to goals or direct

actions play imp ortant roles in signaling the basic

structure of the dialogue. Moreover, such kind of cue

phrases are observed very frequently in instruction

dialogues. In their empirical study on the charac-

teristics of task oriented dialogues, Oviatt and Co-

hen (1990) rep orted that, in instruction dialogues

on assembling a pump, cue phrases such as \Okay",

\now" and \next" o ccur at the b eginning of 98.6% of

the new segments that instruct assembly actions in

telephone dialogues. Based on the ab ove, we think

it imp ortant for dialogue generation to select and

set appropriate cue phrases at the b eginning of dis-

course segments that refer to goals or direct actions.

Moser and Mo ore (1995a) and Moser and Mo ore

(1995b) investigated the relationship b etween cue

placement and selection. They showed that the cue

phrases are selected and distinguished dep ending on

their placement. Somewhat di�erently

, we tackle the

problem of selecting cue phrases that o ccur at the

same place in the segment (at the b eginning of the

segment).

As indicated in (Eugenio et al., 1997), in terms

of natural language generation, cue usage consists

of three problems, oc curr enc e: whether or not a cue

should b e included, placement: where the cue should

b e placed, and selection: what cue should b e used.

W e tackle the third problem, the selection of cue

phrases. Our �nal goal is to establish a strategy for

selecting organization cue phrases and apply it in

the generation of instruction dialogues. While the

empirical approach of this study is close to that of

(Eugenio et al., 1997), they apply a machine learning

technique to predicating cue o ccurrence and place-

ment, not cue phrase selection.

3 Annotation of dialogue corpus

In this section, we mention the way of the annotation

in our corpus. Then, the inter-coder agreement for

the annotations is discussed.

3.1 Class of cue phrases

The domain of our dialogue corpus in Japanese is to

instruct the initial setting of an answering machine.

The corpus consists of nine dialogues with 5,855 ut-

terances. There are, 1,117 cue phrases in 96 distinct

Figure 1: An example of annotated dialogue

cues

1

. There are 31 cue phrases that o ccur more

than �ve times.

As the result of classifying these 31 cue phrases

based on the classi�cation of Japanese connectives

(Ichik awa, 1978; Moriyama, 1997) and cue phrase

classi�cation in English (Grosz and Sidner, 1986;

Cohen, 1984; Knott and Dale, 1994; Moser and

Mo ore, 1995b), 20 cue phrases, which o ccurred to-

tal of 848 times, were classi�ed into three classes:

changeover, such as sore deha, deha (\now", \now

then" in English), conjunctive, such as sore de, de

(\and", \and then"), and ordinal , such as mazu,

tsugini (\�rst", \next"). Besides these simple cue

phrases, there are comp osite cue phrases such as

sore deha-tsugini ("now �rst"). Note that meaning

and the usage of each of these Japanese cue phrases

do es not completely corresp ond to those of the En-

glish words and phrases in parentheses. F or exam-

ple, the meaning of the Japanese cue phrase sore-

deha is close to the English word now in its discourse

sense. Howev er, sore deha do es not have a sentential

sense though now do es.

The purp ose of this study is to decide which of

these three classes of simple cue phrases should b e

selected as the cue phrase at the b eginning of a dis-

1

Cue phrases which o ccur in the middle of the seg-

ment and in the segment other than action direction such

as clari�cation segment are included.

course segment. W e do not deal with comp osite

types of cue phrases.

3.2 Annotation of discourse structure

As the basis for examining the relationship b etween

cue phrase and dialogue structure, discourse seg-

ment b oundary and the level of embedding of the

segments were annotated in each dialogue. W e de-

�ne discourse segment (or simply segment) as chunks

of utterances that have a coherent goal (Grosz and

Sidner, 1986; Nakatani et al., 1995; Passonneau and

Litman, 1997). The annotation of hierarchical re-

lations among segments was based on (Nak atani et

al., 1995).

Figure 1 shows an example from the annotated

dialogue corpus. This dialogue was translated from

the original Japanese. This example provides in-

struction on setting the calendar and clo ck of the

answering machine. The purp ose of ds3.4 is to in-

put num b ers by dial buttons and each input action

is directed in ds3.4.2, ds3.4.3, and ds3.4.4, for in-

putting the date, the day of the week, and the time,

resp ectively

. Sub dialogues such as con�rmation and

pupil initiative clari�cation are treated as one seg-

ment as in ds3.4.2.1. The organization cue phrases

are underlined in the sample dialogue. F or example,

the cue phrase for ds3.3 is \And", and that for ds3.5

is \Finally"

2

.

3.3 Annotation of discourse purp ose and

pre-exchange

As the information ab out task structure and dia-

logue context, we annotated the discourse purp ose

of each segment and the dialogue exchange at the

end of the immediately preceding segment.

In annotating the discourse purp ose, the co ders

selected the purp ose of each segment from a topic

list. The topic list consists of 127 topics. It has a

hierarchical structure and represents the task struc-

ture of the domain of our corpus. When the dis-

course purp ose cannot b e selected from the topic

list, the segment was annotated as "others". In such

segments, the information ab out task structure can-

not b e obtained.

The pre-exchange is annotated as a kind of dia-

logue context and used as one of the learning fea-

tures itself. The co ders annotated the kind of pre-

exchange by selecting one of nine categories of ex-

changes which are de�ned in section 4.1 in detail.

3.4 Inter-coder agreement for the annotation

As mentioned in the previous sections, we annotated

our corpus with regard to the following characteris-

tics: the class of cue phrases (ordinal, changeover,

conjunctive), segment b oundary

, and hierarchical

structure of the segment, the purp ose of the seg-

ment, and the dialogue exchange at the end of the

immediately preceding segment.

The extent of inter-coder agreement b etween two

co ders in these annotation are calculated by using

2

When a cue phrase follows acknowledgement (Y es)

or a stammer, these sp eech fragments that do not have

prop ositional content are ignored and the cue phrases

after the fragments are annotated as the b eginning of

the segment.

Cohen’s Kappa � (Bakeman and Gottman, 1986;

Carletta, 1996). The inter-coder agreement (�)

ab out the class of cue phrase is 0.68, ab out the pur-

p ose of the segment is 0.79, and ab out the typ e of

pre-exchange is 0.67. The extent of agreement ab out

the segment b oundary and the hierarchical struc-

ture is calculated using mo di�ed Cohen’s Kappa pre-

sented by (Flammia and Zue, 1995). This Cohen’s

Kappa is 0.66.

Fleiss et al. (1981) characterizes kappas of .40 to

.60 as fair, .60 to .75 as go o d, and over .75 as ex-

cellent. According to this categorization of levels of

inter-coder agreement, the inter-coder agreement for

cue phrase, pre-exchange, and discourse b oundary

and structure is go o d. The agreement on segment

purp ose is excellent. Thus, these results indicate

that our corpus co ding is adequately reliable and

ob jective.

When the two co ders’ analyses did not agree, the

third co der judged this p oint; only those parts whose

analysis is output by more than two co ders was used

as learning data.

4 Learning exp eriment

4.1 Learning features

This section describ es a learning exp eriment using

C4.5 (Quinlan, 1993). First, we de�ne 10 learning

features concerned with three factors.

(1)Discourse structure: Structural information

ab out the preceding dialogue.

Embedding The depth of embedding from the

top level.

Place The number of elder sister segments.

Place2 The number of elder sister segments

except pupil initiative segments.

Recent elder sister’s cue (Res-cue) The

cue phrase that o ccurs at the b eginning of

the most recent elder sister segment. They

are classi�ed into three kinds of simple cue

phrases: ord (ordinal), ch (changeover),

con (conjunctive) or a kind of comp osite

cue phrase such as ch+ord (changeover +

ordinal).

Res-cue2 The cue phrase that o ccurs at the

b eginning of the most recent elder sister

segment except pupil initiative segments.

Discourse transition (D-trans) Types of

change in attentional state accompanied by

topic change

3

such as push and p op. Pop

from the pupil initiative sub dialogue is cat-

egorized as \ui-p op".

(2)T ask structure: Information that estimates

the complexity of succeeding dialogue.

3

Clark (1997) presents a term \discourse topic" as

concept equivalent to fo cus space in (Grosz and Sidner,

1986), and call their transition \discourse transition".

F or example, \push" is de�ed as the transition to the

sub topic, and \next" is de�ned as the transition to the

same level pro ceeding topic.

T able 1: The learning features

factor feature name v alues

Discourse Embedding integer

structure Place integer

Place2 integer

Res-cue nil, ord, ch, con, ch+ord,

con+ord, con+ch, other

Res-cue2 nil, ord, ch, con, ch+ord,

con+ord, con+ch, other

D-trans p op, push, next, ui-p op, NA

T ask T-hierarchy integer

structure Subgoal integer

Dialogue Pre-exchange conf, req, inf, quest, ui-conf,

structure ui-req, ui-inf, ui-quest, NA

Ps-cue nil, ord, ch, con, ch+ord,

con+ord, con+ch, other

T ask-hierarch y (T-hierarchy) The number

of goal-subgoal relations from the current

goal to primitive actions. This estimates

the depth of embedding in the succeeding

dialogue.

Subgoal The number of direct subgoals of the

current goal. If zero, then it is a primitive

action.

(3)Dialogue context Information ab out the pre-

ceding segment.

Pre-exchange Type of exchange that o ccurs

at the end of the immediately preceding

segment, or type of exchange immediately

preceding the cue phrase. There are four

categories, conf (con�rmation-answer), req

(request-answer), inf (information-reply).

ques (question-answer). They are also

distinguished by the initiator of the ex-

change; explainer initiative or pupil initia-

tive. When the category of the exchange is

not clear, it is classi�ed as not applicable

(NA). Therefore, there are nine values for

this feature.

Preceding segment’s cue (Ps-cue) The

cue phrase that o ccurs at the b eginning of

the immediately preceding segment.

The values of these features are shown in T a-

ble 1. Among the ab ove learning features, Embe d-

ding, Place, Plac e2, Res-cue, Res-cue2, Ps-cue, and

D-trans are derived automatically from the infor-

mation ab out segment b oundary and the segment

hierarchy annotated in the corpus (an example is

shown in Figure 1). The depth of task hierarchy (T-

hierar chy) and the number of direct subgoals (Sub-

goal) are determined by �nding the annotated seg-

ment purp ose in the given task structure.

4.2 Learning algorithm

In this study

, C4.5 (Quinlan, 1993) is used as learn-

ing program. This program takes two inputs, (1)the

de�nition of classes that should b e learned, and the

names and the values of a set of features, and (2) the data which is a set of instances whose class and

feature v alues are sp eci�ed. As a result of machine

learning, the program outputs a decision tree for

judgement.

W e use cross-v alidation for estimating the accu-

racy of the mo del b ecause this metho d avoids the

disadvantages common with small data sets whose

number of cases is less than 1000. In this study ,

10-fold cross-v alidation is applied, so that in each

run 90% of the cases are used for training and the

remaining 10% are used for testing. The C4.5 pro-

gram also has an option that causes the values of

discrete attribute to b e group ed. W e selected this

option b ecause there are many values in some fea-

tures and the decision tree b ecomes very complex if

each value has one branch.

4.3 Results and discussion

Decision trees for distinguishing the usage of three

kinds of cue phrases (changeov er, ordinal, and con-

junctive) were computed by the machine learning al-

gorithm C4.5. As learning features, the 10 features

mentioned in section 4.1 are used. F rom nine dia-

logues, 545 instances were derived as training data.

In 545 instances, 300 were conjunctive, 168 were

changeover, and 77 were ordinal. The most frequent

category

, conjunctive, accounts for 55% of all cases.

Thus, the baseline error rate is 45%. This means

that one would b e wrong 45% of the time if this

category was always chosen.

First, the prediction p ower of each learning fea-

ture is examined. The results of learning exp eri-

ments using single features are shown in T able 2. In

pruning the initial tree, C4.5 calculates actual and

estimated error rates for the pruned tree. The error

rate shown in this table is the mean of estimated

error rates for the pruned trees under 10-fold cross-

validation. The 95% con�dence interv als are shown

after \�". Those are calculated using Student’s t

distribution. The error rate e

1 is signi�cantly b etter

than e

2 if the upp er b ound of the 95% con�dence

interv al for e

1 is lower than the lower b ound of the

95% con�dence interv al for e

2

. As shown in T able 2,

the decision tree obtained with the Pre-exchange fea-

T able 2: The error rates with each mo del

Embedding 46.5 � 0.1 Pre-exchange 41.5 � 0.5

Place 42.5 � 0.4 Ps-cue 46.5 � 0.3

Place2 43.8 � 0.4 DS mo del 35.6 � 0.4

Res-cue 44.9 � 0.3 T ask mo del 41.8 � 0.3

Res-cue2 45.1 � 0.4 DC mo del 39.1 � 0.6

D-trans 45.0 � 0.5 All feature mo del 29.9 � 0.4

T-hierarchy 42.4 � 0.3 Simplest mo del 30.6 � 0.3

Subgoal 42.5 � 0.3

T able 3: The set of learning features for each mo del

Discourse Structure T ask Structure Dialogue Context

Mo del Embedd- Place Place2 Res- Res- D-trans T- Subgoal Pre- Ps-cue

ing cue cue2 hierarchy exchange

DS p p p p p p

T ask p p

DC p p

All feature p p p p p p p p p p

Simplest p p p p p p

ture p erforms b est, and its error rate is 41.5%. In

all exp eriments, the error rates are more than 40%

and none are considerably b etter than the baseline.

These results suggest that using only a single learn-

ing feature is not su�cient for selecting cue phrases

correctly .

As the single feature mo dels are not su�cient, it

is necessary to �nd the b est set of learning features

for selecting cue phrases. W e call a set of features a

mo del and the b est mo del (the b est set of features) is

obtained using the following pro cedure. First, we set

some multiple features mo dels and carry out learn-

ing exp eriments using these mo dels in order to �nd

the b est p erforming mo del and the b est error rate.

W e then eliminate the features from the b est p erfor-

mance mo del in order to make the mo del simpler.

Thus, the b est mo del we try to �nd is the one that

uses the smallest num b er of learning features but

whose p erformance equals the b est error rate.

W e construct four multiple feature mo dels. The

name of the mo del and the combination of features

in the mo del are shown in T able 3. The discourse

structure mo del (the DS model) used learning fea-

tures concerned with discourse structure. The T ask

model used those concerned with task structure, and

the dialogue context (the DC model) used those con-

cerned with dialogue context. The Al l featur e model

uses all learning features. The b est error rate among

these mo dels is 29.9% in Al l featur e model as shown

in T able 2. The error rate is reduced ab out 15%

from the baseline.

Therefore, the b est mo del is the one that uses

fewer learning features than the Al l featur e model

and that equals the p erformance of that mo del. In

order to reduce the number of features considered,

we examined which features have redundant infor-

mation, and omitted these features from the Al l fea-

ture model. The overlapping features were found by examining the correlation b etween the features. As

for numerical features that take number values, the

correlation co e�cient b etween Place and Place2, and

b etween T-hierar chy and Subgo al are high (�=0.694,

0.784, resp ectively). As for categorical features,

agreement b etween Res-cue and Res-cue2 is 95%.

These highly correlated features can b e represented

by just one of them. As the result of many ex-

p eriments varying the combination of features used,

we determined the Simplest model which uses six

features: Embe dding, Place, D-trans, Subgo al, Pre-

exchange, and Ps-cue as shown at the b ottom line

in T able 3. The error rate of the Simplest model

is 30.6% as shown in T able 2. It is very close to

that of the Al l featur e model though the di�erence

is statistically signi�cant.

In addition to comparing only the overall er-

ror rates, in order to compare the p erformance

of these two mo dels in more detail, we calculated

the information retrieval metrics for each category ,

changeover, ordinal, and conjunctive. Figure 2

shows the equations used to calculate the metrics.

F or example, recall rate is the ratio of the cue

phrases correctly predicted by the mo del as class X

to the cue phrases of class X in the corpus. Precision

rate is the ratio of cue phrases correctly predicted to

b e class X to all cue phrases predicted to b e class X.

In addition, in order to get an intuitive feel of over-

all p erformance, we also calculated the sum of the

deviation from ideal values in each metric as in (Pas-

sonneau and Litman, 1997). The summed deviation

is calculated by the following numerical formula:

(1 - Recall) + (1 - Precision) +

F allout + Error

T able 4 shows the results of these metrics for the

two mo dels. Standard deviation is shown in paren-

theses. The v alue of each metric is the average of

T able 4: Performance on training set using cross-validation

Mo del Cue phrase Recall Precision F allout Error Summed Deviation

All feature ordinal 0.50 (0.18) 0.64 (0.10) 0.05 (0.03) 0.11 (0.03) 1.03 (0.23)

mo del changeover 0.53 (0.14) 0.58 (0.07) 0.17 (0.05) 0.26 (0.04) 1.32 (0.23)

conjunctive 0.80 (0.06) 0.73 (0.05) 0.38 (0.11) 0.28 (0.04) 1.12 (0.16)

Simplest ordinal 0.48 (0.17) 0.66 (0.17) 0.45 (0.03) 0.11 (0.02) 1.01 (0.26)

mo del changeover 0.50 (0.12) 0.62 (0.08) 0.14 (0.03) 0.25 (0.05) 1.27 (0.24)

conjunctive 0.85 (0.04) 0.72 (0.04) 0.40 (0.08) 0.26 (0.04) 1.09 (0.17)

Figure 2: Information retrieval metrics

the metrics on the test set in each run of 10-fold

cross-validation. Comparing the summed deviation,

the p erformance of the Simplest model is b etter than

that of the Al l featur e model in all categories of cue

phrases. The summed deviations of the Simplest

model, 1.01 for ordinal, 1.27 for changeover, and 1.09

for conjunctive, are lower than those of the Al l fe a-

ture model. Thus, as a result of ev aluating the mo d-

els in detail using the information retrieval metrics,

it is concluded that the Simplest mo del is the b est

p erforming mo del. In addition, the Simplest model is

the most elegant mo del b ecause it uses fewer learn-

ing features than the Al l featur e mo del. Just six

features, Embe dding, Place, D-trans, Subgo al, Pre-

exchange, and Ps-cue, are enough for selecting orga-

nization cue phrases.

Classifying the six features in the Simplest model,

it is found that these features come from all fac-

tors, discourse structure, task structure, and dia-

logue context. Embe dding, Place, D-trans are the

features of discourse structure, Sub go al is ab out task

structure, and Pre-exchange and Ps-cue are ab out

dialogue context. This result indicates that all the

factors are necessary to predict cue phrases. The

imp ortant factors for cue phrase selection are task

structure and dialogue context as well as discourse

structure, the fo cus of many earlier studies.

While we identi�ed the six features from the three

kinds of factors, by lo oking at the decision trees cre-

ated in the learning exp eriment, we found which fea-

tures were more imp ortant than others in selecting

cue phrases. The features app earing near the ro ot

no de are more imp ortant. Figure 3 shows the top part of a decision tree obtained from the Simplest

model. In all 10 decision trees resulting from the

cross-validation exp eriment in the Simplest mo del,

Place feature app ears at the ro ot no de. In 7 of

10 trees, Embe dding and Pre-exchange app eared just

b elow the ro ot no de. In these trees, if the Place of

the segment is the �rst at that level (i.e. there is no

elder sister.), then Emb e dding app ears at the next

no de, otherwise if the segment is not the �rst one

at that level, then Pre-exchange app ears at the next

no de. Thus, if there are some elder sister segments,

information ab out dialogue context is used for se-

lecting cue phrases. On the other hand, if there is

no elder sister segment, information ab out discourse

structure is used for the judgement. These results

suggest that the information ab out discourse struc-

ture, esp ecially place of segments and the depth of

embedding, and the dialogue context, esp ecially the

kind of immediately preceding dialogue exchange,

play imp ortant roles in cue phrase selection.

5 Conclusion and F urther work

This pap er rep orted the results of using a ma-

chine learning algorithm for identifying learning fea-

tures and obtaining decision trees for selecting cue

phrases. It also rep orted the result of a quantitative

evaluation of the decision trees learned. Learning

features concerning three factors, discourse struc-

ture, task structure, and dialogue context, were ex-

amined. By carrying out many exp eriments in which

the combinations of learning features were varied, we

found the most simple and e�ective learning feature

set. The accuracy of the b est mo del that uses 6

learning features is ab out 70%. The error rate is re-

duced ab out 25% from the baseline. These results

supp ort the claims of previous studies that discourse

structure in uence cue selection. In addition, it is

revealed that task structure and dialogue context are

also indisp ensable factors.

W e fo cus on predicting the cue phrases that o c-

cur at the b eginning of discourse segments for sig-

naling inter-segment \sequence" relation. Elhadad

and McKeown (1990), on the other hand, has pre-

sented a mo del for distinguishing connectives, which

link tw o prop ositions, using some pragmatic con-

straints. In (Moser and Mo ore, 1995a; Moser and

Mo ore, 1995b), the relationship b etween placement

and selection of cue phrases was investigated using

the core:contributor relations among units within a

segment (Moser and Mo ore, 1995a). Although we

discussed only the \sequence" relation b etween the

Figure 3: T op part of a decision tree

segments, the metho ds presented here will b e useful

in extending our mo del so as to select other kinds of

cue phrases.

References

Roger Bakeman and John M. Gottman. 1986. Ob-

serving Interaction. Cambridge University Press.

Jean Carletta. 1996. Assessing agreement on clas-

si�cation tasks: The kappa statistic. Computa-

tional Linguistics, 22(2):249{254.

Alison Cawsey

. 1993. Explanation and Interaction:

The Computer Gener ation of Expalanatory Dia-

lo gues. MIT Press.

Herb ert H. Clark. 1997. Using language. Cambridge

University Press.

Robin Cohen. 1984. A computational theory of the

function of clue words in argument understand-

ing. In Pr o c e e dings of the 10th International Con-

fer enc e on Computational Linguistics, pages 251{

258.

Michael Elhadad and Kathleen R. McKeown. 1990.

Generating connectives. In Pro c e e dings of the 13th

International Conferenc e on Computational Lin-

guistics, pages 97{101.

Barbara Di Eugenio, Johanna D. Mo ore, and Mas-

simo Paolucci. 1997. Learning features that pre-

dict cue usage. In Pro c e e dings of the 35th An-

nual Me eting of the Association for Computa-

tional Linguistics and the 8th Conferenc e of the

Eur op e an Chapter of the Association of Computa-

tional Linguistics, pages 80{87.

Giov anni Flammia and Victor Zue. 1995. Empirical

ev aluation of human p erformance and agreement

in parsing discourse constituents in sp oken dia-

logue. In Eurosp e e ch, pages 1965{1968.

J. L. Fleiss, J. Cohen, and B. S. Everitt. 1981.

Statistics Methods for Rates and Prop ortions. Wi-

ley .

Barbara J. Grosz and Candace L. Sidner. 1986. At-

tention, intentions, and the structure of discourse.

Computational Linguistics, 12(3):175{204.

Barbara J. Grosz. 1977. The representation and use

of fo cus in dialogue understanding. T echnical Re-

p ort 151, Arti�cial Intelligence Center, SRI Inter-

national.

Raymonde Guindon. 1986. The structure of user-

adviser dialogues: Is there metho d in their mad-

ness? In Pro c e e dings of the 24th Annual Meeting

of the Association for Computational Linguistics,

pages 224{230.

T ak ashi Ichik awa. 1978. Bunshouron gaisetsu (in

Japanese). Kyouiku shuppan.

Alistair Knott and Rob ert Dale. 1994. Using lin-

guistic phenomena to motiv ate a set of coherence

relations. Discourse Pro c esses, 18:35{62.

Leila Kosseim and Guy Lapalme. 1994. Content and

rhetorical status selection in instruction texts. In

Pro c e e dings of the 7th International Workshop on

Natural Language Generation, pages 53{60.

William C. Mann and Sandra A. Thompson. 1987.

Rhetorical structure theory: A theory of text

organization. T echnical Rep ort ISI/RS-87-190,

USC/ISI.

Johanna D. Mo ore. 1995. Participating in Explana-

tory Dialo gues: Interpreting and Resp onding to

Questions in Context. MIT Press.

T akurou Moriyama, 1997. Spe e ch and Gr ammar (in

Japanese), chapter 5. Kuroshio Shuppan.

Megan Moser and Johanna D. Mo ore. 1995a. In-

vestigating cue selection and placement in tuto-

rial discourse. In Pro c e e dings of the 33th An-

nual Meeting of the Association for Computa-

tional Linguistics, pages 130{135.

Megan Moser and Johanna D. Mo ore. 1995b. Us-

ing discourse analysis and automatic text genera-

tion to study discourse cue usage. In AAAI 1995

Spring Symposium Series: Empirical Methods in

Discourse Interpretation and Generation, pages

92{98.

Christine H. Nak atani, Barbara J. Grosz, David D.

Ahn, and Julia Hirsch b erg. 1995. Instructions for

annotating discourses. T echnical Rep ort TR-21-

95, Center for Research in Computing T echnology ,

Harvard University .

Sharon L. Oviatt and Philip R. Cohen. 1990. Dis-

course structure and p erformance e�ciency in in-

teractive and noninteractiv e sp oken mo dalities.

T ec hnical Rep ort CSLI-90-138, Center for the

Study of Language and Information.

Reb ecca J. Passonneau and Diane J. Litman. 1997.

Discourse segmentation by human and automated

means. Computational Linguistics, 23(1):103{

139.

John Ross Quinlan. 1993. C4.5: Pro gr ams for Ma-

chine Le arning. Morgan Kaufmann.

Deitmar R� osner and Manfred Stede. 1992. Cus-

tomizing rst for the automatic pro duction

of technical manuals. In R. Dale, E. Hovy ,

D. R� osner, and O. Sto ck, editors, Pro c e e dings

of the 6th International Workshop on Natural

Language Generation, pages 199{215. Springer-

V erlag.

Deb orah Schi�rin. 1987. Discourse markers. Cam-

bridge University Press.

Anna-Brita Stenstr� om. 1994. An Intro duction to

Spoken Interaction. Longman.