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Abstract

Several studies have investigated the relation dsstvinformation
structure and intonation structure. Few studies dvaw have
investigated this relationship empirically usingural face-to-face
conversations. The current study explores thisticglausing a
large corpus of face-to-face conversations on a mepgation
task. In this task dialogue partners sometimesndiossametimes do
not have common ground, depending on the differemeaween
their maps. The corpus is therefore ideal to ingatt differences
between given (theme) and new information (rheriibg current
paper presents a technigue of automated speechestfion and
transcript time stamping and applies this technitpueletermine
prosodic differences in information structure. Ganing several
theoretical studies it shows that the average mfdhe rheme in a
turn is significantly higher than the average pitshthe phrasal
theme of that turn, showing the relation betwednrmation and
intonation structure.

Keywords: information structure, intonation structure, theme;
rheme; prosody; pitch, multimodal communication.

Introduction

Multimodal communication is comprised of various
modalities, both linguistic (intonation and infortica
structure) and non-linguistic (facial expressioage gaze
and gesture). Despite the deceptively simple appear of
these communicative tools in human-human facee-fa
conversation, relatively little is understood abaiieir
interaction and alignment. The current paper fosusethe
relation between the two linguistic modalities: rthee and
rheme in language and the prosody in speech.

whether modalities can be substituted or whethey tre
complementary (Doherty-Sneddon, et al., 1997).

From an educational perspective, an understanding o
modalities can help answer questions regarding esitud
motivation, interest, and confusion, as well as how
instructors and tutors can monitor and respondh&sd
cognitive states (Kort, Reilly & Picard, 2001). Buith little
information available on the conditions under which
students use modalities, tapping into students’nitivg
states is difficult (Graesser, et al., in press).

From a computational perspective, an understanding
the interplay between modalities can help in the
development of animated conversational agents (leossy
Graesser, Lu & Mitchell, 2005). These agents mazeénthe
availability of both linguistic (semantics, syntaxdnd
paralinguistic (pragmatic, sociological) featur&€agsell &
Thérisson, 1999; Massaro & Cohen, 1994; Picard,7199
But without experimental data on multimodal
communication, the guidelines for implementing hama
like multimodal behavior in agents are missing &edls et
al., 1994).

In an ongoing project on multimodal communication i
humans and agents, we are investigating the irterac
between dialogue act, speech, eye gaze, facial mmevis,
gesture, and map drawing. The project aims to deter
how these modalities are aligned, whether, and Wvken,
these modalities are observed, and whether theaouse
of these channels actually aids comprehension.

Due to the inherent complexity of multimodal
communication, controlling for genre, topic, andalgo
during unscripted dialogue is crucial. With theseaaerns in

Knowing the nature of the relation between thesdMind, we used the Map Task scenario (Anderson,l.et a

modalities can shed light on various areas of dogni
science. From a psychological perspective, an whaleding
of the interplay of modalities can help us underdta

1991), a restricted-domain, route-communicatiork.tda
the Map Task scenario it is possible for experirento
determine exactly what each participant knows gtgiven

language and communication (Clark, 1996). Limitegtime. In this scenario, the Instruction Giver (I&aches the

experimental research is available that can hetprogne

Instruction Follower (IF) through a route on thepma



Figure 1. Examples maps for the IG (left) and théright)

By way of instruction, participants are told thhey and referent of a referring expression from the altéwes that
their interlocutors have maps of the same locatiom; the context affords. The background is everythilsg.eThe
drawn by different explorers, and so are potentidifferent  following exchange, taken from the multimodal
in detail. communication corpus (Louwerse, et al., 2006; 2007)

Sixteen different maps were used, each varyingrdowp illustrates these concepts (Example 1). The IG tsstar
to the presentation of landmarks, route shapensettiod of speaking and the IF's reply is analyzed in terms of
distortion in the IF map. For instance, IF's mapsrav theme/rheme, background/focus.
distorted with blurred out portions of the map,saswn in
Figure 1. The goal of these differences betweensmags to Example 1
elicit dialogue between the participants in a oolted IG: then you're gonna- ok. Then you're gonna stO
environment whereby dialogue partners sometimesrdb and now you're gonna start curving down and whean yo
sometimes do not have common ground, dependindgn®n t go down, do you see a purple rectangular aliehddeft?
differences between their maps. These discrepanoies
common ground can be resolved through multimodal IF: uh... is it right above a blue rectangular alien?

communication. Dialogue partners can maintain commo - e " »
ground by using different modalities including egaze, background focus  background
facial expressions, gestures, content information o

intonation. Elsewhere (Louwerse et al., 2006; 20@0/) e — "o _

have reported on the relation between both linguiahd theme rheme

non-linguistic modalities. The current paper inigeties the
relationship between these two modalities and tebether  Steedman (2003) made the claim that theme and ricame
information structure can predict patterns in i@tion  be discriminated in terms of pitch accents, andsatihét

structure. theme and rheme expose a particular intonationematt
dependent on the common grounds between the sgeaker
Information and Intonation Structure The common ground can vary for instance in functibthe

Several studies have discussed the relationshipiseet —29réement between participants. Table 1 illustrates
information and intonation structure (Halliday, 796 Stéedman’s proposal.

Pierrehumbert & Hirschberg, 1990). In SteedmanB0®

Combinatory Categorial Grammar (CCG), theme andehe

are defined as the basic elements of informatioucstre. Table 1 Pitch Accent Patterns

Steedman distinguishes the shared topic between Agref Disagree
interlocutors as the theme and the new information Theme '—*;H . L*+H .
introduced into the dialogue as the rheme. Therderlaeme Rheme H* or (H*+L) L* or (H+L¥)

can next be divided into focus and background. fhoeis
(or contrast) provides alternatives that distinguithe



L, H, H* L* are the transcription conventions for

speaking rate, amplitude and pitch contour (Broh®83;

intonation and prosody as described in PierrehumbeiGrosz & Hirschberg, 1992; Swerts & Ostendorf, 1995)

(1990). “H” and “L” represent “high” and “low” toneand
“*” denotes that the tone is aligned with a stressgllable.
“+” is a “followed-by” notation. As for the interply
between focus and background, Steedman’s predidtion
that focus is marked by prominence in pitch comgpaoethe

In this paper, we have used pauses as the inéralnpeter
to detect the beginning and end of a turn in a rahtu
conversation. In the data collection, we used theravitz
PMD670 recorder which enables recording of speddfGo
and IF on separate audio channels. Pauses wergzadal

background and is also emphasized. On the othed, hanusing the upper intensity limit and minimum duratiof

background is usually unaccented and can even ligedm
entirely from conversations. In other words, the
theme/rheme partitioning determines the overalbriation
pattern, whereas the
determines the placement of pitch accents.

Despite the fact that there are a number of studigsng
the link between intonation and information struetat a
theoretical level, there is relatively little resgla that has
investigated this link empirically using naturalbhgcurring
speech outside of an experimental setting. An eiaes
Calhoun (2006) who conducted a series of productiot
perception experiments, showing that differencegitoh
mapped onto differences in theme and rheme anchesdte
this conclusion with evidence from corpus linguistiata
using the Switchboard corpus. More specificallyJhGan
showed focus is signaled through the alignment ofde
with prosodic structure.

For the purpose of the current paper, we will hosvevot
discriminate between focus/background, because
utterances of interest are phrases which the fizcpart of.
Take for instance Example 1. Instead of saying ilit
right above a blue rectangular alien?” the IF caayg “blue
rectangular alien” where “blue” and “rectangulagrsi are
similar to a theme/rheme pair.

After a manual inspection of a sample of conveoseti

thehannels contain separate information for IG and

silences. In measurement of intensity, minimum tpitc
specifies the minimum periodicity frequency in asignal.
In our case, 75 Hz for minimum pitch yielded a ghar

focus/background partitioningontour for the intensity. Audio segments with ity

values less than its mean intensity were classdgegauses.
We thereby used mean intensity for each channetrahan
a pre-set threshold. This enabled our pause detesyistem
to properly adapt to the diverse set of voice prige of the
participants. Any audio segment with silences ntben .4
second was denoted as pauses. However, the exttactes
were manually inspected to account for differentdki of
pauses in the speech signal (e.g. hesitationsndsofturn).
The speech processing softwarferaat (Boersma &
Weenink, 2006) was used to perform all calculatioms
identify these pause regions.

The pause detection algorithm was used separateljeo
right and left channels of each audio file to detéme-
stamp information of turns for both IG and IF. Twadio

respectively. Using the pause detection algorithime
beginning and ending time of each turn for bothall IF
are stored separately. Later, the time stamp irdiéiom for
both IG and IF are merged into one file to potdiytidetect
and discard segments where two participants spedhkea
same time (overlapping speech being difficult talgze).

from the Multimodal Map Task corpus, Guhe, SteedmanExamples are given below (Case 1 and 2).

Bard and Louwerse (2006) observed that, on averagee
has a higher pitch than the theme (see Example 2).

Example 2
IG: OK. Do you have a black triangular sign?
IF: No, | have aed triangular sign

In this example the common ground between the speak
is confined to ariangular sign which is the theme of the
dialogue. However, it happens that the speakery dgree
on its colorred. Within the IF's utteranceed is found to
conceive a higher pitch thatriangular sigr.

The current study extends Guhe et al.’s study kin¢a
the same corpus, automatically segmenting the tants
words in the speech, and automatically identifythgme
and rheme in the transcripts in order to test wdrethey
differ in terms of prosody in natural face-to-face
communication.

Turn Segmentation

Various spoken cues have been used over the years
segment turns, including pitch ranges, precedingses,

Case 1 depicts the ideal cases where one of the
participants is silent while other participant igeaking.
Case 2 introduces the challenge of segmenting a
conversation as two people speak at the same Doeeto a
few cases of both of the participants speakinchatsame
time, it was not possible to attain 100% accurany i
segmenting the audio files in turn level. The cimoaadio
files, each containing a little more than 80 turmgre
processed using the proposed turn detection framewo
based on pauses. For each audio file, our systesrahla to
map a turn as defined in the transcript into the
corresponding audio segment more than 90% of the ti
with an average of 93% accuracy rate for all theesh
files.

t



Case 1:

IF: is it right above............. a blue rectangular alien
Start of aturn pause continuation of thet
IG: o (PAUSE)... e,

Segmented turn;
IF: is it right above (...) a blue rectangular alien

Case 2:

IG: Goright............ okay............. then.. go straigh
turnl | pause |turn2 | pause | turn3

IF: okay..................ummm...okay...
pause [turnl| pause | noisy data

Segmented turns:

IG: Go right

IF: Okay

IG: Okay (...) then. go straight.

Word Segmentation

Contrast Marking

As described earlier, Guhe et al. (2006) observed t
theme and rheme can be distinguished by their pitch
features with which the corresponding words ardized
Guhe et al. therefore predicted that rheme hagrafisantly
higher pitch than theme. A small sample of turngking
contrast confirms this prediction. In the curretnidy we are
using an automated approach to extract contrasis the
multimodal Map Task transcripts, and the segmeoniati
techniques proposed above are thereby used tadesipfy
the speech units from the corpora. Contrastive cagre
selected using the following algorithm:

1) Adjacent IG and IF turn pairs were selected.

2) Two windows of sizeN were chosen in the turns (see
Example 3).

3) These two windows shifted for the two whole turns.
Within the window it was determined whether there
was a match oN-1 words. If this was the case, the
pair was considered as a potential theme/rheme pair

Example 3
IG: We're drawing parallel to the bottom of the @pag
again almost. Uh. there are three purple bugs.

IF: | see three white bugs.

In the current experiment, we set the window sEé£3.
In Example 3, the two turns will be chosen becdibkece

In order to segment the words of each turn, théPurple bugs and ‘three white bugshave two words in
Lumenvox's (www.lumenvox.com) Speech Recognitioncommon (i.e.N-1=2). This algorittm narrowed down the

recognition on audio data from any audio sources Gfithe

strengths of the Lumenvox system is that it is kpea

which were potential candidates for theme-rhemespai
In order to precisely derive the pitch informatione

independent. Spontaneous speech can thus be segmerfteeded to filter out noise in the speech data. fitwh for

and recognized based on an acoustic model andgadge
model. The system provides an API to identify tteting
and ending time for every recognized speech unithin

human vocals typically ranges from 100 Hz to 150fbiz
men, and from 170 Hz to 220 Hz for women. We
conservatively filtered out the sound informatiartside the

output. This suggests that we have the necessafy©-300] range that was caused by noise or nonespee

information to identify the starting and ending ¢isnof the
leaf node (i.e. the word) of the parse tree inducerh the
grammar.

A significantly small number of words are used Fisl
turns. Indeed, 70% of these turns only contained than
three words, which is a reasonable representatfothe
conversational nature of the Map Task corpus, gitierfact
that IFs are generally waiting for

related sounds.

Results

The average of pitch across four different typesmpdech
segments was computed: 1) the rheme 2) the hedheof
phrase that formed the theme (e.g. the head oNfg 3)
the phrase itself (e.g. the NP) and the 4) wholm tu

instructions andcontaining the theme/rheme pair. In Example 3rtine is

acknowledging the information (Louwerse & Crossley,white the head word of the theme phrasbugs the theme

2006). The IGs, on the other hand, used longereaeas
with around 50% of the IG’s turns consisting of madhan

phrase ighree bugsand the whole turn issee three white
bugs Following Guhe, et al. (2006) we predicted the

10 words. The Lumenvox ASR performs well on shorteraverage pitch for rheme to be higher than the gespatch

streams of speech, but like any other ASR systéanks in

performance on longer streams of speech, even \ten
verbatim transcript is available and used for thayo

purpose of ‘“recognizing” this specific stream. Aage
performance for turns with more than 10 words veas &t
18.51% accuracy and satisfactory for turns ranietyveen
1-9 words 67.2%. IF turns typically fell in thetkt range.

computed on the theme segments (head, phraseraid tu

Table 4 presents the results of the analysis. Atthp
information showed the expected patterns with tihehdor
rheme being higher than the pitch for theme. Tliemince
did not reach significance at the turn level, rescmarginal
significance in a one-tailed test at the head l€vé45) =



1.42,p = .08) and significance at the phrase levélb) = Acknowledgments

1.81,p=.04). This research was supported by grant NSF-11S-048612

Table 4: Mean and SD of pitch of theme and rheme Any opinions, ~ findings, ~and  conclusions o

recommendations expressed in this material arestbhbthe

Theme Rheme authors and do not necessarily reflect the viewsthef
Mean SD Mean SD funding institution. We would like to thank ElleraBi, Art
Head 158.02 48.67 165.58 43.75 Graesser, Markus Guhe and Mark Steedman for tledir h
Phrase 156.80  44.53 on this project and Nick Benesh, Gwyneth Lewis, yRiv
Turn 163.44 39.61 Vargheese, Shinobu Watanabe and Megan Zirnstein for
their help in the data collection and analyses.
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