| dentifying Agreement/Disagreement in Conver sational Speech: A
Cross-lingual Study

Wen Wang!, Kristin Precoda!, Colleen Richey!, Geoffrey Raymond?

!Speech Technology and Research Lab
SRI International, Menlo Park, CA, USA
2University of California, Santa Barbara, CA, USA

{wwang, precoda, col | een}@ speech. sri.com graynmond@oc. ucsbh. edu

Abstract

This paper presents models for detecting agree-
ment/disagreement between speakers in English and Arabic
broadcast conversation shows. We explore a variety of fesitu
including lexical, structural, durational, and prosodéatures.
We experiment with these features using Conditional Random
Fields models and conduct systematic investigations on
efficacy of various feature groups across languages. Sagnpli
approaches are examined for handling highly imbalanced
data. Overall, we achieved 79.2% (precision), 50.5% (fecal
61.7% (F1) for agreement detection and 69.2% (precision),
46.9% (recall), and 55.9% (F1) for disagreement detection,
English broadcast conversation data; and 89.2% (pregision
30.1% (recall), 45.1% (F1) for agreement detection and%35.9
(precision), 28.4% (recall), and 41.3% (F1) for disagreetme
detection, on Arabic broadcast conversation data.

Index Terms. agreement/disagreement detection, sampling ap-
proaches, Conditional Random Fields, feature analysis

1. Introduction

In this work, we present models for detecting agree-
ment/disagreement (denoted (dis)agreement) betweerk-spea
ers in English and Arabic broadcast conversation shows. The
Broadcast Conversation (BC) genre differs from the Broad-
cast News (BN) genre in that it is more interactive and spon-
taneous, referring to free speech in news-style TV and radio
programs and consisting of talk shows, interviews, cafhio-
grams, live reports, and round-tables. Previous work oeatet
ing (dis)agreements has been focused on meeting data2]1], [
[3] used spurt-level agreement annotations from the ICSitme
ing corpus [4]. [1] explored unsupervised machine learripg
proaches. [2] explored Bayesian Networks for the deteatfon
(dis)agreements. They used adjacency pair informatioreto d
termine the structure of conditional Markov models and eutp
formed the results of [1]. [3] explored semi-supervisedriaa
algorithms and reached a competitive performance on manual
transcriptions with only lexical features. [5] investigdtsu-
pervised machine learning techniques and yielded conygetit
results on the annotated data from the AMI meeting corpus [6]
Our work differs from these previous studies in three major
categories. First, a different definition of (dis)agreemeas
used. In the current work, a (dis)agreement occurs when a re-
sponding speaker agrees with, accepts, or disagrees wigh or
jects, a statement or proposition by a first speaker. Set¢bad,
genre of conversations we worked on is broadcast convensati
in two languages, instead of English meeting data. Due to the
difference in publicity and intimacy/collegiality betwespeak-
ers in broadcast conversations vs. meetings, (dis)agreeme

may have different characteristics. Finally, differenbrfr
the unsupervised approaches in [1] and semi-supervised ap-
proaches in [3], we conducted supervised training and syste
atic cross-lingual feature analysis. Also, different friithand

[2], our classification was carried out on the utteranceljéme
stead of on the spurt-level. Galley et al. extended Hilldmal &
work by adding features from previous spurts and featumes fr
the general dialog context to infer the class of the currpatts

on top of features from the current spuibdal features) used
by Hillard et al. Galley et al. useadjacency pairsto describe
the interaction between speakers and the relations betvegen
secutive spurts. In this study on broadcast conversati@, w
directly modeled (dis)agreement detection without usidig-a
cency pairs. Still, within the Conditional Random Field$R(€)
framework, we explored features from preceding and folhgi
utterances to consider context in the discourse structeeex-
plored a wide variety of features, including lexical, stural,
durational, and prosodic features. To our knowledge, this i
the first work to systematically investigate detection ofeag
ment/disagreement for broadcast conversation data.

2. Data and Automatic Annotation

Human transcriptions and manual speaker turn labels ak use
in this study. Also, since the final goal of this study is to-ana
lyze social roles and relations of amteracting group, we first
manually marked soundbites and then excluded soundbites du
ing annotation and modeling. Soundbites are clip of speech
played in broadcast shows that contain speech or interview g
tations from speakers other than reporters and anchorsin th
show. The speakers in soundbites do not have interactidhs wi
speakers in the show. We recruited annotators to provide man
ual annotations of speaker roles and (dis)agreement toouse f
the supervised training of models. We defined a set of speaker
roles as followsHost/chair is a person associated with running
the discussions or calling the meetinBeporting participant
is a person reporting from the field, from a subcommittee, etc
Commentator participant/Topic participant is a person provid-
ing commentary on some subject, or person who is the subject
of the conversation and plays a role, e.g., as a newsmaAker.
dience participant is an ordinary person who may call in, ask
guestions at a microphone at e.g. a large presentation, or be
interviewed because of their presence at a news ev@titer
is any speaker who does not fit in one of the above categories,
such as a voice talent, an announcer doing show openings or
commercial breaks, or a translator.

Agreements and disagreements are composed of different
combinations of initiating utterances and responses. \dg-re
mulated the (dis)agreement detection task as the sequagce t



ging of 11 (dis)agreement-related labels for identifyirtgether

a given utterance is initiating a (dis)agreement oppotyuis a
(dis)agreement response to such an opportunity, or isareith
these, in the show. For exampleNagative tag question fol-
lowed by a negation response forms an agreement, that is,
[Negative tag] Thisis not black and white, isit? B: [Agreeing
Response] No, itisn't. The data sparsity problem is serious. Ta-
ble 1 shows the distribution of these labels in our manuabann
tations. Among all 27,071 English BC utterances, only 2,589
utterances are involved in (dis)agreement as initiatingesr
sponse utterances, about 10% only among all data, whil&24,4
utterances are not involved.

These annotators also labeled shows with a variety of lin-
guistic phenomena (denotéahguage use constituents, LUC),
including discourse markers, disfluencies, person adesessd
person mentions, prefaces, extreme case formulationgjiand
log act tags (DAT). We categorized dialog acts into stateémen
guestion, backchannel, and incomplete. We classified disflu
cies (DF) into filled pauses (e.gih, um), repetitions, revisions,
and restarts. Person address (PA) terms are terms thatkespea
uses to address another person. Person mentions (PM)erre ref
ences to non-participants in the conversation. Discoursd-m
ers (DM) are words or phrases that are related to the steictur
of the discourse and express a relation between two uttesanc
for example,l mean, you know. Prefaces (PR) are sentence-
initial lexical tokens serving functions close to discairsark-
ers (e.g.Wl, I think that...). Extreme case formulations (ECF)
are lexical patterns emphasizing extremeness (€his,is the
best book | have ever read). In the end, we manually anno-
tated 49 English shows and 74 Arabic shows. We preprocessed
English manual transcripts by removing transcriber artimta
markers and noise, removing punctuation and case infoomati
and conducting text normalization. Additional preprodegs
for Arabic includes Buckwalter romanization. We developed
automatic annotation tools for discourse markers, extremse
formulations, and prefaces using rule-based systemsratteg
ing an HMM-based Part-of-Speech (POS) tagger, predefined
tables, and heuristic rules. The automatic disfluency tietec
model was a hybrid system combining hidden-event language
models, CRF based models, and rule-based models, for predic
ing fillers, repetitions, revisions, and restarts, follogithe ap-
proaches described in [7].

Table 1: Number of utterances with (dis)agreement-relkted
bels in manual annotations for English and Arabic.
[ Labd || English [ Arabic |

Positive declar ative 331 452
Negative declarative 30 71
Positive interrogative 791 510
Interrogative 45 16
which is negative

Negative interrogative 28 44
Positive tag question 55 16
Negative tag question 22 8
Agreeing response 673 524
Disagreeing response 278 178
Other response 336 275
Not involved 24,482 | 35,910
in (dis)agreement

3. Featuresand Mode€

We explored lexical, structural, durational, and prosdeia-
tures for (dis)agreement detection. We included a set of “le
ical” features composed of three categories, dendigm,
LUC, andDisagr. Ngram features include n-grams extracted
from all of that speaker’s utterance&UC features were ex-
tracted from various LUC annotations, for example, the occu
rence locations and counts of discourse markers, filledgsaus
and disfluencies in the response, the dialog acts of thatniti
ing utterance and the response, and occurrences and cdunts o
ECFs in the initiating utterance and responBesagr features
include words presenting and indicating negative and asgui
cence, yes/no equivalents, positive and negative tagiquest
and a large variety of features distinguishing differemtety of
initiating utterances and responses.

We developed a set of “structural” and “durational” fea-
tures, inspired by conversation analysis, to quantitBtixepre-
sent the different participation and interaction pattefrepeak-
ers in a show. Examples of structural features include val-
ues corresponding to the following questions: whetheretter
overlap in time between initiating utterance and respoagd,
speaker roles for preceding, current, and following utieea
Examples of duration features include values correspgniin
the following questions: how long is the time between the end
of the initiating utterance and the response; how long igrtitie
ating utterance in seconds; how long is the response in dsgon
and what is the ratio of the length of the initiating utteranc
the length of the response.

We used a set of prosodic features including pause, fun-
damental frequency (FO0), duration, and energy. Prosodic fe
tures were computed on words and phonetic forced alignment
of manual transcripts. Features are computed for the biegjnn
and ending words of an utterance. Similar to [1], we computed
average, maximum, and initial pause duration featurestHeor
duration features, we used the average and maximum vowel du-
ration from the forced alignment, both unnormalized and nor
malized for vowel identity and phone context. FO features in
clude the distance from the average pitch in the word to the
speaker’s pitch floor and change in the averaged stylizeth pit
across a word boundary etc [8]. Energy features were compute
similarly. A decision tree model was used to compute posteri
ors from prosodic features and we used cumulative binning of
posteriors as final features, similar to the approach inlf8ghis
work, we used the Mallet package [9] to implement the linear
chain CRF model for sequence tagging.

4. Experiments

All (dis)agreement detection results are based on n-fadde
one-out cross-validation. In this procedure, we held owt on
show as the test set, trained models on the rest of the data, an
tested the model on the test set show. We iterated through all
shows and computed the overall accuracy. First, we explored
sampling approaches to handle the highly imbalanced data. A
can be seen from Table 1, only about 10% utterances in the
English data are involved in (dis)agreement as initiatingee
sponse utterances. The situations are similar in Arabia.dat
This indicates a highlymbalanced data set as one class is more
heavily represented than the other/others. Various appesa
have been studied to handle imbalanced data for classifitsati
trying to balance the class distribution in the traininglsetei-

ther oversampling the minority class or downsampling the ma
jority class. We investigated two approaches for CRF train-
ing, random downsampling andensemble downsampling. Ran-



dom downsampling randomly downsamples the majority class
to equate the number of minority and majority class samples.
Poorer performance on the majority class might be obtaised a
the sample space for the majority class gets redugéaskmble
downsampling is a refinement ofandom downsampling which
doesn't discard any majority class samples. Instead, w par
tioned the majority class samples indd subspaces with each
subspace containing the same number of samples as the minor-
ity class. Then we trainV CRF models, each based on the
minority class samples and one disjoint partition from ffie
subspaces. During testing, the posterior probability foe ot-
terance is averaged over theCRF models.

The results from these two sampling approaches as well
as the baseline are shown in Table 2, using lexical, stralgtur
durational, and prosodic features. Both sampling appesch
achieved significant improvement over the baseline, raint
ing on the original data set, and ensemble downsampling pro-
duced better performance than random downsampling. We no-
ticed that both sampling approaches degraded slightlyenipr
sion but improved significantly in recall, resulting in 4.4%%6-
solute gain on F1 for agreement detection and 4.7% absolute
gain on F1 for disagreement detection. All of the results re-
ported in the rest of this section are based on model training
with ensemble downsampling. Note that we also compared the
performance between CRF and Support Vector Machines for
this task after applying downsamplings for both models and o
served better performance from CRF. Since the CRF model is
optimized globally over the entire sequence and better ftaode
dependencies for sequence tagging, the observation isrreas
able.

Next, we systematically investigated the contributiowsrfr
various feature groups on English. Results are shown in Ta-
ble 3. Note that foiNgram features, we used unigrams and
bigrams for English since we observed adding trigrams and
higher order ngrams degraded the performance on both agree-
ment and disagreement detection. We used unigram, bigram,
and trigram for the Arabic system. As can be observed from
the table, on English data, for agreement detection, Ngesam f
tures provided more gain when added to the Disagr baseline,
than LUC or structural plus durational features; whereas, f
disagreement detection, LUC features provided more comple
mentarity. Adding structural and durational features op to
of lexical features produced significant improvement orhbot
agreement and disagreement detection. Adding prosodic fea
tures produced only minor improvement in agreement detecti
but improved disagreement F1 by 5% absolute.

A similar study of feature efficacy on the Arabic data is
shown in Table 4. Different from their behaviors on the Esigli
data, LUC features provided more complementarity to Disagr
than other features. And prosodic features improved batteag
ment and disagreement detection, 0.7% absolute for thesform
and 1% absolute for the latter. On both languages, lexieal fe
tures perform much better than structural and duratiore fe
tures, consistent with the findings on the ICSI meeting data f
[1, 2]. On both languages, structural, durational, and quiiws
features provided complementarity to lexical feature atray
them sequentially produced improvement in recall and F1 for
both agreement and disagreement detection.

Table 5 compares (dis)agreement detection performance on
English and Arabic between two conditions: (1) features ex-
tracted completely from the automatic LUC annotations and a
tomatically detected speaker roles, and (2) features framual
speaker role labels and manual LUC annotations when manual
annotations are available. It can be seen from the table that

on English, running a fully automatic system to generate-aut
matic annotations and automatic speaker roles yielded I an
2% absolute degradation on (dis)agreement F1 compared to th
system using features from manual annotations whenevir ava
able. On Arabic, this degradation is increased to about 10%
absolute on F1 for both agreement and disagreement detectio
We will investigate approaches to improve performance tf-au
matic annotation tools as well as exploring more robustfest
for Arabic (dis)agreement detection, for example, emplgyi
morphological analysis in annotations and feature extmast

In conclusion, this paper presents our work on detection of
agreements and disagreements in English and Arabic brstadca
conversation data. We explored a variety of features, ity
lexical, structural, durational, and prosodic features.akperi-
mented these features using a linear-chain Conditionati&an
Fields model. We conducted systematic investigations fin ef
cacy of various feature groups and examined two sampling ap-
proaches for handling imbalanced data. Overall, we actlieve
79.2% (precision), 50.5% (recall), 61.7% (F1) for agreemen
detection and 69.2% (precision), 46.9% (recall), and 55.9%
(F1) for disagreement detection, on English broadcasterenv
sation data; and 89.2% (precision), 30.1% (recall), 45.E%) (
for agreement detection and 75.9% (precision), 28.4% l(yeca
and 41.3% (F1) for disagreement detection, on Arabic brastdc
conversation data. In future work, we plan to continue agldin
and refining features, explore dependencies between ésatur
and contextual cues with respect to agreements and disagree
ments, investigate the efficacy of other machine learning ap
proaches such as Bayesian networks, and study the effective
ness of our modeling approaches on other genres such as meet-

ing data and other languages.
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Table 2: Precision, recall, and F1 of (dis)agreement detrean English data without sampling, with random downsampling and
ensemble downsampling, using lexical, structural, darati, and prosodic features. Manual annotations are usewfioputing LUC
and structural features.

Agreement Disagreement
Precision (%) | Recall (%) | F1(%) | Precision (%) [ Recall (%) [ F1(%)
Baseline 81.81 44.02 57.24 70.78 40.12 51.21
Random Downsampling 78.46 48.67 60.07 67.31 44.77 53.77
Ensemble Downsampling 79.18 50.52 61.68 69.18 46.94 55.93

Table 3: Precision (%), recall (%), and F1 (%)oiglish (dis)agreement detection using ensemble downsamplinfeanares extracted
from manual speaker role labels and manual LUC annotatitresavailable.

English
Agreement Disagreement
Feature Sets Precision (%) | Recall (%) | F1(%) | Precision (%) [ Recall (%) [ F1(%)
a. Structural + Durational 87.62 17.56 29.25 69.39 19.10 29.96
b. Disagr 72.54 45.91 56.23 62.35 36.81 46.29
c. Disagr + Ngram 80.94 46.06 58.71 66.24 36.11 46.74
d. Disagr + LUC 74.87 43.83 55.30 63.95 38.19 47.83
e. Disagr + Structural + Durational 72.60 44.87 55.46 55.43 35.42 43.22
f. Lexical (= c. + LUC) 79.84 45.32 57.82 66.47 38.54 48.79
g. Lexical + Structural + Durational 83.29 48.89 61.61 67.82 40.97 51.08
h. All (g. + Prosodic) I 79.18 50.52 61.68 69.18 46.94 55.93

Table 4: Precision (%), recall (%), and F1 (%)Xfabic (dis)agreement detection using ensemble downsamplinfgahates extracted
from manual speaker role labels and manual LUC annotatitresavailable.

Arabic
Agreement Disagreement
Feature Sets Precision (%) [ Recall (%) [ F1(%) [ Precision (%) | Recall (%) | F1(%)
a. Structural + Durational 80.23 13.17 22.62 79.52 12.60 21.75
b. Disagr 81.63 22.47 35.24 68.23 19.42 30.23
c. Disagr + Ngram 82.33 23.29 36.31 69.73 20.00 31.08
d. Disagr + LUC 82.35 24.31 37.54 69.92 22.66 34.23
e. Disagr + Structural + Durational 80.01 24.16 37.22 62.33 23.64 34.28
f. Lexical (= c. + LUC) 81.56 27.25 40.85 70.62 25.38 37.34
g. Lexical + Structural + Durational 91.35 29.28 44.35 75.43 27.51 40.32
h. All (g. + Prosodic) I 89.22 30.13 45.05 75.89 28.40 41.33

Table 5: Precision, recall, and F1 of (dis)agreement detecin English andArabic data using all features and ensemble sampling on
two conditions of using manual and completely automatio#ations for computing LUC and structural features, retpely.

English
Agreement Disagreement
Precision (%) | Recall (%) | F1(%) | Precision (%) | Recall (%) [ F1(%)
Manual annotation 79.18 50.52 61.68 69.18 46.94 55.93
Automatic annotation 80.94 48.59 60.72 66.58 45.02 53.72
Arabic
Agreement Disagreement
Precision (%) | Recall (%) [ F1(%) | Precision (%) | Recall (%) | F1(%)
Manual annotation 89.22 30.13 45.05 75.89 28.40 41.33
Automatic annotation| 81.63 22.47 35.24 86.61 18.51 30.50




