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Abstract

Automatic emotion detection is potentially
important for customer care in the context
of call center services. A major difficulty is
that the expression of emotion is quite com-
plex in the context of agent-client dialogs.
Due to unstated rules of politeness it is com-
mon to have shaded emotions, in which the
interlocutors attempt to limit their internal
attitude (frustration, anger, disappointment).
Furthermore, the telephonic quality speech
complicates the tasks of detecting percep-
tual cues and of extracting relevant measures
from the signal. Detecting real emotions
can be helpful to follow the evolution of
the human-computer dialogs, enabling dy-
namic modification of the dialog strategies
and influencing the final outcome. This pa-
per reports on three studies: the first con-
cerns the use of multi-level annotations in-
cluding emotion tags for diagnosis of the di-
alog state; the second investigates automatic
emotion detection using linguistic informa-
tion; and the third reports on two percep-
tual tests for identifying emotions as well
as the prosodic and textual cues which sig-
nal them. Two experimental conditions were
considered — with and without the capabil-
ity of listening the audio signal. Finally, we
propose a new set of emotions/attitudes tags
suggested by the previous experiments and
discuss perspectives.

I ntroduction

corpus comprised of real human-human dialogs. Dif-
ferent school of thoughts, such as psychology, cog-
nitive science, sociology and philosophy, have devel-
oped independent theories about personality and emo-
tions. In recent years there has been growing interest
in the study of emotions to improve the capabilities
of current speech technologies (speech synthesis, au-
tomatic speech recognition, and dialog systems). De-
spite progress made in speech and language technolo-
gies, which has led to the development and experi-
mentation of spoken dialog systems as well as a vari-
ety of commercial applications, automatic system per-
formance remains substantially inferior to human per-
formance in comparable tasks. Therefore, researchers
are still looking for ways to improve the current sys-
tems both in terms of efficiency and conviviality. Sev-
eral of the linguistic areas being actively explored are
the study of speech and dialog acts, and markers for
prosody and emotion. As a consequence, the defini-
tion, categorization and automatic recognition of emo-
tions and attitudes in speech is a research topic with
increasing popularity. If the purpose of studying emo-
tions differs for each of the above mentioned domains,
all are confronted with the complexity of the domain
of emotions and of their means of expression which is
multimodal, combining verbal, gestural, prosodic and
nonverbal markers such as laughter, throat clearing,
hesitations, etc.

Current research can be classify according to three
methodological choices: the type of corpus employed,
the classes of emotion detected and the emotional
markers studied.

Actors, WOz and real-life corpus

In order to control the experimental conditions, many
of the reported studies make use of artificial corpora

This paper addresses the analysis, annotation and aj \hich human actors read prepared texts simulat-
tomatic detection of emotions in a spontaneous speelyy 4 set of archetypal emotions (Dellaert et al., 1996).
This work was partially financed by the European Com- Other studies use Wizard of Oz (WOz) systems in or-
mission under the 1IST-2000-25033MTIES project.

der to acquire more natural data (Batliner et al., 2000).



Both methods (and their results) are still far from theplored. The first direction can be considered acous-
complex issues found in real spontaneous conversdic, as it concerns the extraction of prosodic features
tions. Spontaneous corpora obtained from real taskBom the speech signal (i.e., fundamental frequency,
provide a very large variability in terms of the differ- energy, speaking rate, etc.) allowing the automatic de-
ent parameters carrying emotion manifestations. Thisection of different emotions (Dellaert et al., 1996; Lee
variability concerns both the acoustic and linguisticet al., 2001). The second direction can be defined as
levels, as well as the dialogic strategies and/or the polinguistic (lexical, semantic, dialogic...). It concerns
liteness markers. Generally speaking, the study of théhe extraction of linguistic cues identifying emotions.
emotional behavior of naive users in real-life settingsWhile, this direction has been exploited in traditional
is relatively infrequent in the speech research commulinguistics, research in automatic modeling typically
nity, such as (Lee et al., 2002) which use real humanuses linguistic cues combined with other information.
computer call center dialogs. Studies have also aimed at validating a set of archety-
pal emotions (anger, fear, sadness, happiness, neutral
attitude) via perceptual tests, enabling the extraction of
For traditional linguists, this domain is particularly representative lexical items associated with the emo-
“slippery”, because it implies fuzzy categories andtions. For example, in (Petrushin, 1999), perceptual
polymorphic notions (Kerbrat-Orecchioni, 2000). As tests were carried out in which naive listeners identi-
evidence, current researchers are still far from a confied the emotions in simulated utterances produced by
sensual opinion concerning distinction between thehe actors. The same corpus was also independently
definition of emotion, attitude, personality, mood andused to study automatic detection of emotions based
even human behavior in general. One of the tradi-on a set of acoustic features extracted from the au-
tional ways of studying emotions from both the lin- dio signal (pitch, first and second formants, energy
guistic and psychological perspectives, is to exploreand speaking rate). The reported emotion detection
the verbal material used in different cultural contextsperformance is about 70%. The third direction con-
to express and communicate emotions (Galati et alsists of combining acoustic information with language
2000; Plutchik, 1994). Moreover, trans-cultural emo-information in the spoken utterances (Batliner et al.,
tional patterns can be detected with a limited num-2000; Lee et al., 2002). For these purposes the linguis-
ber of archetypal emotions. Plutchik (1994) identifiedtic information has been evaluated in terms of “emo-
eight primary emotions: fear, anger, joy, sadness, actional salience” (i.e. the salience of a word in emo-
ceptance, disgust, anticipation, surprise. Four fundation recognition can be defined as the mutual infor-
mental terms describing the emotional behavior (i.emation between a specific word and an emotion cat-
anger, fear, joy and sadness) are widely accepted in thegory). This combined approach enables a significa-
literature as primary emotions. Another point of view tion error reduction compared to the use of acoustic
is to focus on acoustic parameters, allowing to the coror linguistic information separately. Although nonver-
relation of some basic emotions (Morlec et al., 2001 ;bal events such as laughter, pauses and throat clearing
Mozziconacci, 2001) or psychologic stress (Sherer etire considered as significant emotion markers emo-
al., 2002) with prosodic and voice quality markers. tion, there has been little evidence of the best way to
For research in the field of human-machine modelizamodel this information. Recent developments with the
tion, the study of emotions has generally tried to pro-three approaches highlights a real need for integrating
vide evidence for questions such as: How are moodeveral parameters, since the manifestation of emotion
and speaker intention correlated with dialog qualityis particularly complex and concerns several levels of
and success? Which user attitudes and emotional facommunication. In addition, the respective weight of
tors may affect human-computer interaction? Generthe cues characterizing each level is not easily observ-
ally the goal of this research is to automatically extractable. Ultimately, despite the number of parameters
mood features in order to dynamically adapt the dialogemployed to automatically distinguish emotions, auto-
strategy of the automatic system or for the more criti-matic detection scores are corpus-dependent and thus
cal phases, to pass the communication over to a humafar from being generalizable to other real-world situa-
operator. Most of the studies focus on a minimal set otions.

emotions or attitudes such as positive/negative emo-

tions (Lee et al., 2002) or emotion/neutral state (Bat4 3 oy approach

liner et al., 2000) or stressed/non stressed speech (Fer-

nandez et al., 2002). This present study is being carried out within the
framework of the IST Amities (Automated Multi-
lingual Interaction with Information and Services)
In the speech processing area, three main directiongroject (Amities, 2001-2004) and makes use of a cor-
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1.1 Emotion, attitude and stress classes

1.2 Prosodic, textual and nonverbal markers



Exchange Service Center. The aim of the project isclient dialogs (4 different agents) in French has been
to develop automatic speech dialog systems which arerthographically transcribed and annotated at multi-
able to communicate with the human user in a natuple levels (Devillers et al., 2002). The dialogs cover
ral and efficient way. In call-center applications, ana range of investment related topics such as informa-
automated system must be able to determine if a crittion requests (services, commission fees, stock quota-
ical phase of the dialog is reached and decide if theions), orders (buy, sell, status), account management
call should be passed over to a human operator or ifopen, close, transfer, credit, debit) and Web questions
the system should initialize a clarification dialog strat-and problems. There are about 5229 speaker turns af-
egy. Customer’s vocal expression will carry a num-ter excluding overlaps which are known to be frequent
ber of mixed parameters such as prosodic (i.e breathghenomena in spontaneous speech. In this work, we
voice, increasing energy), lexical (i.e. the use of sweamake use of a corpus of 5012 sentences corresponding
words, and the repetition of words or sub-dialogs) ando the in-task exchanges. The corpus contains a total
nonverbal (laughter, screaming) signaling the criticalof 44.1k words, of which 3k are distinct. The mean av-
phase. erage dialog length is 50 utterances (min 5, max 227),
Most reported studies on emotion detection havghe mean average sentence length is 9 words (min 1,
explored and validated a predefined number of emomax 128).
tions in a artificially built corpus. Our goal is dif-
ferent. Given the real-life data, we aim to identify
salient markers indicating the presence of emotion irA task-dependent annotation scheme has been devel-
the corpus. A major challenge is to overcome the comoped with the assumption that the basic affective dis-
plexity of the expression of emotion in the context of position towards a computer is either trust or irritation.
the agent-client call center dialogs. Due to unstatedEmotive communication is not necessarily related to
rules of politeness it is common to encounter shadedhe speaker’s “real” inner affective state. Our studies
emotions, in which the interlocutors attempt to limit are based on only the external behavioral expression of
their internal attitude (frustration, anger, disappoint-this state. A speaker’s emotive mark should be consid-
ment). In addition, natural dialogs (compared to actorsered as marking intention in the context of the ongoing
or WOz interaction) allow the expression of emotionsdialog. In this specific task, customers are observed to
in different ways by using a wide range of emotional use (consciously or unconsciously) emotive marks in
marks. In this work, we favor the notion of applica- order to persuade the agent to do something for them.
tion dependent emotions, and thus focus on a reduced Two of the four classical emotions are retained:
space of emotions, in the context of developing algo-anger and fear. In this Web-based stock exchange
rithms for conversational interfaces. context, joy and sadness are uncommon emotions and
In the following sections, we present the corpus andhave been excluded from the emotion set. In addition,
the adopted emotion annotation methodology. We thet€ have considered some of the agent and customer
explore how to correlate emotion labels with dialog behaviors directly associated with the task, which are
quality, progression, and success. Preliminary resultyseful for capturing some of the dialog dynamics. For
on automatic emotion detection using the lexical in-this purposesatisfactiorandexcusgembarrassment)
formation are presented in Section 4. Finally, we re-are included as emotion labels. These correspond to
port on two perceptual tests aimed at validating the se@ particular class of expressive speech acts described
lected set of emotions and comparing the respectivé the classical pragmatic theory (Searle, 1985). The
roles of linguistic (i.e. lexical, syntactic) and acoustic anger tag applies to emotions ranging from nervosity
emotion indicators. Finally, we propose a new set oft0 aggressivity, whereas fear ranges from doubt to fear.
emotion/attitude tags as were validated in the previou§inally the “neutral attitude” label corresponds to a de-

2.1 Choice of emotion/attitudelabels

experiments and discuss perspectives. fault state in the dialog which is progressing normally.
The satisfaction label could also be associated with
2 Corpusand emotion annotation this neutral state, as a particular manifestation of the

normal dialog progression.
The dialogs are real agent-client recordings from a _
Web-based Stock Exchange Customer Service centef;2 Annotation strategy
The service center can be reached via an Internet corfwo annotators independently listened to the 100 di-
nection or by directly calling an agent. While many of alogs, labeling each sentence (agent and customer)
the calls are concerned with problems in using the Welwith one of the five emotions. Sentences with ambigu-
to carry out transactions (general information, compli-ous labels were judged by a third independent listener
cated requests, transactions, confirmations, connectidn order to decide the final label. Table 1 gives the
failures), some of the callers simply seem to prefer inproportion of sentences in the corpus for each emo-

feracting with UG gept, 8 SOIRNS O SRR F B g apgory classieaton, gen-



Emotion Annotation 3.3 Choiceof parameters

A F S E N The three annotation types (emotion, dialog, progres-
5.0% 38% 34% 1.0% 86.8% sion) are used to determine a set of factors with which
predictive models are estimated. For this experiment,
Table 1: Proportion of each emotion label in the dialogl4 parameters were extracted from the annotated cor-
corpus determined by listening to the audio signal. (  pus. These parameters primarily denote negative fac-
anger, F: fear, S: satisfaction, E: excuse, N: neutral ~ tors in the three annotation types (Non-Understanding,
Accident, Anger,...) which can be expected to have
an influence on the dialog quality. Five parameters
tences with non-neutral labels (F, A, S, E) compriseare taken from the dialogic annotations (Devillers et
about 13% (665 sentences) of the corpus. Ambigual., 2002): at thest at enent level, Reassert (REA);
ities occurred on 138 of the 5012 in-task sentencesit the Agreenent level, Reject (REJ) and I-Don't-
(2.7% of the corpus) and most often involved indeci-Know (IDK); and at theunder st andi ng level, Non-
sion between neutral state and other emotions: angdéinderstanding (NUN) and correct (COR). Three pa-
(26/138), fear (25/138), and satisfaction (14/138).  rameters concern the dialog progression axis: Resid-
ual Error (RER), Accident (ACC) and Progression

. : labels are: Fear (FEA), Anger (ANG), Neutral state
of the dialog state and factor analysis = ) "Exciise (EXC) and Satisfaction (SAT). The

31 Study objectives last parameter is the dialog duration in number of tu_rns
(LEN). Some of these parameters can be categorized
The aim of the study is to explore how to correlate as utterance-level features (emotion and dialogic la-
the emotion labels with the dialog quality, progression bels), and some others are per-turn features (dialog
and success. The final goal is to exploit the re|ati0n-progression axis parameters). As a first measure of
ships between dialogic annotations and emotion labelghe dialog quality a global predictive feature vector is
in order to determine features which can be automatextracted from each dialog. This vector is formed by
ically extracted and to dynamically adapt the dialogsumming and normalizing all the occurrences of each
strategy of the spoken language dialog system accoraf the selected 14 parameters.
ingly.

3.4 Methodology, results and analysis

32 Multi-level annotations Table 2 shows the correlations between the 14 param-

With the goal of relating dialog annotations (lexi- eters. Correlations higher than 0.4 are shown in bold.
cal, pragmatic and dialogic) with emotion annota- There are very high correlations between dialog length
tions, the 100 agent-client dialogs were annotated witland dialog progression with neutral state, which is to
DAMSL-like dialogic labels and dialog progression be expected since over 86% of the sentences have this
axis labels (Devillers et al., 2002). The dialogic an-label. Another notable correlation is between Residual
notations (Hardy et al., 2002) were adapted from theError and Accident, which is also expected.

DAMSL standard dialog acts (Allen et al., 1997). The We used classical multiple linear regression tech-
turn based annotations were entered using the XDMIniques to find which combination of factors are able to
tool provided by the State University of New York, Al- predict parameters such as Accident and Residual Er-
bany, a partner in the MITIES project (Amities, 2001- ror or Emotion (Anger and Fear) in a dialog. Different
2004). For the purposes of this study the DAMSL- multiple regression models were assessed by adding
like annotations were limited to the dialogic level: no and dropping terms as appropriate using ANOVA.
semantic labels were annotated. The selected dia- Table 3 shows some prediction models for detecting
logic labels are applied at three main levelsifor-  dialogs with problems, in particular for Accidents and
mation, Forward L ooking function and Backward Residual Errors. A correct prediction for the parame-
Looking function. The dialog progression labels are ter ACC is obtained with the predictive factors: ERR,
represented on two axes to take into account the dyANG, EXC, FEA, COR and REJ (first entry). Taken
namic aspect of dialog. A progression axis representtogether these factors expla&i.6% of the variance
the “good” progression of the dialog whereas an acci-of accidents, with the highest contribution from RER.
dental axis represents the accidents that occur, corréhe next three models remove the RER factor, which
sponding to misunderstandings between the agent arid highly correlated with accidents and may mask the
the user (Rosset and Lamel, 2002). The emotion, diacontributions of other factors. The second entry ex-
log and progression annotations were carried out indeplains65.5% of the variance of the accidents. Com-

tly. _ ing th 4th entries, the Emotion fact
pendently ISLE workshop, Edinburgh Dec 16-%67?%02%3{/%&?\%31&@9?&”253 © =motion a(zlors



| [[ACC | RER[PRO] FEA | ANG | SAT | EXC [ NEU | IDK | COR| NUN [ REA [ REJ] LEN |

ACC 1.0
RER || 081 | 1.0
PRO | 052 | 0.31| 1.0
FEA || 046 | 041 | 047 | 1.0
ANG || 063 | 054 | 041 | 0.30 | 1.0
SAT || 0.15| 0.07| 0.3 | 042 | 0.12 | 1.0
EXC || 051 | 0.35| 0.21| 0.10 | 0.32 | 0.04| 1.0
NEU || 0.35| 0.17 | 084 | 0.29 | 0.30 | 0.21| 0.10 | 1.0
IDK || 0.38 | 0.38| 0.38| 0.38| 030 | 0.1 | 0.08 | 0.11 | 1.0
COR || 0.07 | 0.01| 0.17 | -0.06| -0.15| 0.02| -0.05| 0.04 | -0.03| 1.0
NUN || 0.27 | 0.28 | 0.17| 0.15| 0.21 | 0.01| 0.12 | 0.08 | 0.07 | 0.10 | 1.0
REA || 056 | 043 | 056 | 0.34 | 050 | 0.19| 0.27 | 0.36 | 0.21 | 0.01 | 0.29 | 1.0
REJ || 054 | 0.35| 0.39| 040 | 045 | 0.27| 0.25| 0.23 | 0.16 | -0.03| 0.05 | 059 | 1.0
LEN || 0.33| 0.16 | 082 | 0.29 | 0.30 | 0.23| 0.1 | 099 | 0.11 | 0.04 | 0.09 | 0.34 | 0.22| 1.0

Table 2: Correlations among the 14 selected factors. ACCidant, RER: residual error, PRO: progression,
FEA: fear, ANG: anger, SAT: satisfaction, EXC: excuse, NBdutral, COR: correct, NUN: non-understanding,
REA: reassert, REJ: reject, and LEN: dialog duration. (Afevillers et al., 2002)).

Variable Main Predictors Explanation
ACC b55-RER .22 EXC .18 -REJ .17 ANG .12-COR .10-FEA 81.6%
ACC .34-ANG .33-EXC .22-FEA .20-REJ .17.COR .12.IDK 65.5%

ACC 42-ANG .35-EXC .32-FEA 58.8%
ACC 34-REJ .27 IDK .25-REA .16- NUN 47.6%
RER .28-ANG .20-FEA .18-EXC .14-IDK .13-NUN .10-REA 44.6%
RER .38-ANG .29-FEA .19-EXC 39.9%
RER 29-IDK .19-REA .19-NUN .17-REJ 31.9%
ANG 33-ACC .21-REA -18.COR .14 IDK .07 -RER 48.6%
FEA 24.1DK  .22-ACC .21-REJ 30.6%

Table 3: Prediction models f&kCC, RER, ANG, FEA. The weighted main factors predict the variable with
the percentage given in the Explanation column. ACC: actjdRER: residual error, PRO: progression, FEA:
fear, ANG: anger, SAT: satisfaction, EXC: excuse, NEU: rélyCOR: correct, NUN: non-understanding, REA:
reassert, REJ: reject, and LEN: dialog duration. (Aften(iDers et al., 2002)).

ISLE workshop, Edinburgh Dec 16-17, 2002 Deviller-Vasiled amel 5



Emotion Annotation (no dialog context) 4.2 Dialog context-independent Emotion
A F S E N annotation

23% 18% 58% 1.2% 88.9%

A second type of emotion annotation based only on
lexical information was carried out at the sentence
Table 4: PrOportion of each emotion label in the dia-|eve| without |istening to the audio Signa| and with-
log corpus based only on lexical information (without oyt the dialog context. Each sentence transcription
dialog context). A: anger, F: fear, S: satisfaction, E: (the sentences were randomized in order to avoid using
excuse, N: neutral the dialog context in making a judgment), was labeled
as to the presence or absence of the five non-neutral
emotions (anger, fear, satisfaction, excuse, neutral at-
EXC, FEA and ANG seem to be better predictors oftitude). When uncertain, the annotator could indicate
accidents{8.8%) than the dialogic factord{.6%)re-  that the lexical cue was ambiguous. The lexically-
tained here. It can be inferred that the Emotion factorsdased emotion labels were made by one annotator who
account for most of the explanation of the 2nd model.had never listened to the dialogs, thereby avoiding any
Models were also built to predict the RER at the Subjective influence from the audio signal. The per-
end of the dialog, which is an important indication of centage of sentences with each emotion label is shown
the overall dialog success. The first model is able tdn the Table 4 exica). Based on only lexical infor-
explain44.6% of the variance of the residual dialog mation, the non-neutral emotion labels (F, A, S, E) are
progression errors with apalue of 4.496e-10. Anger Seen to apply to 11% of the corpus (554 sentences).
is also seen to be correlated with error at the end of the
dialog and is a good predictor of dialog problems. 43 Emotion detection
Finally, we tried to predict emotions such as Anger ) _ )
and Fear. Client anger can be partially explained witHOur émotion detection system uses the same basic un-
dialog axis Accidents, and the dialogic labels (reasserlgram model as is used in the LIMSI Topic Detection
tion, correction), but Fear is unable to be predicted®nd Tracking system (Lo and Gauvain, 2001). The
with better than 30% using any combination of the 14Similarity between an utterance and an emotion is the
parameters. Client anger is to some degree correlatédPmalized log likelihood ratio between an emotion
with the need to repeat information, but the negativeModel and a general task-specific model.
weight of correlation seems to imply that correcting Five emotion models were trained, one for each
errors is not a big deal. Problems arise when the onannotated emotion (A, F, S, E, N). For each emo-
of the interlocutors is unable to correct an error. tion a unigram model is constructed from the set
of on-emotion training utterances (without using
the off-emotion training utterances). Due to the
sparseness of the on-emotion training data (about only
Using standard multiple linear regression techniques!1% of the corpus), the probability of the sentence
a predictive function of dialog problems was derived,9iven the emotion is obtained by interpolating its
estimating the relative contributions of various factorsmaximum likelihood unigram estimate with the
extracted from dialogic, progression and emotion an-9eneral task-specific model probability. The general
notations. These measures are able to explain aboffiodel was estimated on the entire training corpus.
80% of the dialog accidents. The observed correla/An interpolation coefficient o = 0.75 was found
tions between DAMSL-like dialogic labels and the an-© optimize the results. The emotion of an unknown
notations for emotion and dialog progression axes proSéntence is determined by the model yielding the

vide evidence that these latter annotation types are rellighest score for the utteraneegiven the 5 emotion
evant. modelsk:

3.5 Discussion

AP(w|E) + (1 — A P(w)
P(w)

4 Emotion Detection Model logP(u|E) = L% > ti(w, u)log
weEU

4.1 Study objectives

where P(w|E) is the maximum likelihood estimate
Our goal is to analyze the emotional behaviors ob-of the probability of wordw given the emotion model,
served in the linguistic material of the human-humanP(w) is the general task-specific probability fin
interactions present in the dialog corpus in order to dethe training corpustf(w, «) are the term frequencies
tect which kinds of lexical information are particularly in the incoming utterance, and ,, is the utterance

sallent o cnaracte e op Edinburgh Dec 16- 795085 Edbiier-vasited.amel 6



4.4 Stemming, Stopping and Compounding Condition | Test (125) Anger (25) #words
Stemming and stopping are commonly used proce- Baseline 61.6% 48.0% 2732
dures in information retrieval tasks for removing very ~ Stem 64.8 % 48.0% 1911
frequent words in order to increase the likelihood that _Stem+Comp,  67.2% 56.0% 1927

the resulting terms are relevant. We have adopted these

techniques for emotion detection. In order to reduceTable 5: Emotion detection performance of the base-
the number of lexical items for a given word sense,line system; the baseline system with stemming; and
an automatic part of speech tagger (Toussaint et althe baseline system with stemming and compounding.
1998) was used to derive the word stems. Stopping iResults are shown for the complete test set (125 ut-
a standard filtering procedure which removes high freterances) and for the anger emotion subset (25 sen-
guency words which are assumed to be uncorrelatetences). The lexicon sizes (#words) are also shown.
with the task. Experiments were carried out using dif-
ferent stop lists (containing from 60 to 200 entries).
Our stop-lists differed from standard lists in that some
frequent words that can be meaningful for the emo-
tion detection such aso, yes, okay, thanksere not
filtered.

A list of about 20 compound words was constructedTable 6: Average emotion detection scores on two
to compensate for the limited span of a unigram model125-sentence test sets: @nger, F: fear, S: satisfac-
Compound words are needed to account for negation, E: excuse, N: neutral
tive expressions which can be important indicators
for emotion detection. For examplg@asmarcher
(doesn’'twork) andpasnormal (notnormal)can sug-
gest that the person is upset about the situation.

Detected Emotion (%)

A F S E N
56 38 88 68 88

Total
68

ing satisfaction and the worst fear. The high detection
of satisfaction can be attributed to strong lexical mark-
ers which are very specific to this emoticignks, |

agreg. On the contrary, the expression of fear is more

. . . . . syntactic than lexical, i.e., word repetitions, restarts,
Emotion detection experiments using lexical cues

_ . etc. For exampleou alors je vends des ou alors je
were carried out with two sets of 125 test sentence?e je vends je ne sais pas encore (or so | sell the o |

(25 sentences per emotion _cl_ass) extracted from th I 'sell | don't know yet) Examples of the more spe-
annotated corpus. The remaining sentences (about 5 ?fic lexical items for each class are shown in Table 7.

were used for the training. For these experiments th%ome words such asoblem, bizarrere shared by the

IeX|ca_1IIy based annotations are used as the referencaenger and fear classes. Other potential detection cues

emotions. ) i ) such as idiomatic expressions are language dependent
Table 5 summarizes the emotion detection result?je laisse courir (forget about itje m'assois dessus (|

for the baseline unigram system, and the IMproveqnt care) on m'a dté une épine du pied (s/he solved
ments due to the normalization procedures. Since thfhe problem for mé)are too difficult to model with

normalization procedures change the lexical forms, theCl unigram lexical model. Although quite meaningful

number of words in the lexicon are also given for each,[o a human, such expressions are relatively infrequent

condition. The results are given for the complgte test g quite varied, making them difficult to capture in a
set and for the anger subset. Using the baseline SYStatistical model.

tem, emotion can be detected with about 62% preci-
sion. Stemming and compounding are both seen to
improve the detection rate. Despite trying multiple

45 Experiments

In order to refine the list of lexical cues, it would be

stop-lists, stopping did not improve the detection rate.

Compounding seems to be helpful for detecting anger; F S | = E
due to the inability of the unigram model to account _abnormal | worry agree | mistake
for the word context. (Given the limited size of our ~SWear v_vords fea_r thanks error
corpus, it is not possible to build larger span models ~ 'Mtating. panic perfect | sorry
than unigram models.) embarra_ssmg _afrald excellent| excuse
For the remaining tests, the training and test data bothering | disastrous| excellent| pardon

were normalized by the stemming and compounding

procedures. Table 6 gives the detection scores for eackable 7: Examples of specific lexical items for each
of the five emotion classes averaged across two te§motion class which from a statistical point of view
sets of 125 sentences. The results show that som@€e unambiguous.A( anger, F: fear, S: satisfaction,

emotions are bett?rSEEt\E/}v%r dstt\r(])%r,] Igg?r?kga’répleDbe%sig—%?,e)é%%szez)eviIIer-Vasile{tamel 7



necessary to consider the role of non-linguistic event:
in the dialog (nonverbal markers, filler words, hes-

itations, backchannel information, interruptions) for s W anger
mood detection. In this corpus of 100 dialogs, there o B Anict
were too few nonverbal markers (laughter and throa 25 - B Ecouse
clearing) in the transcripts to find a correlation with the 2 g D
emotion labels. Similarly, although hesitatiorsi) 151 B mitation
are relatively frequent in spontaneous speech, they d 101 = -
not appear to be relevant for distinguishing different 51 B suprise

emotions. Cl
Preliminary results on the automatic detection of a

set of 5 task-dependent emotions resulted in a detec-

tion rate of around 70% using a simple lexical unigram

model trained on the lexically annotated training cor-

pus.

- audia +audio

Figure 1. Majority votes for the 10 emotion classes
for both experimental conditions [-audio, +audio]. On
average the majority of subjects agreed over 55% of

the time.
5 Perceptual tests

Subjective tests have been carried out on a subset
of the dialog corpus for two experimental conditions,
with and without the capability of listening to the au-
dio signal. The [-signal] condition requires emotion
detection using only linguistic information (i.e. using 2. to describe the linguistic cues ([-signal] condi-
only the orthographic transcriptions of the utterances  tion) or the linguistic and acoustic cues ([+signal]
extracted from a dialog as stimuli). The [+signal] con- condition)

dition provides both linguistic and acoustic informa-

tion and highlights the role of both sources of informa- 3. to choose among the emotion labelsger, fear,
tion. Different sets of native French speakers partici-  irritation, anxiety, doubt, surprise, satisfaction,
pated in the one of the two conditions. The experimen-  excuse, neutral attitudend | don’t know

tal tests consisted of naming the emotion present in All el s tob leted ted at th
each stimulus and of describing the linguistic cues ([- elements to be completed were presented at the

signal] condition) and the linguistic and acoustic cueg>@me time on the screen, for each stimulus individu-

([+signal] condition) used to make the judgment. ally. Consequently, subjects could complete the infor-
mation in any order they wanted.

1. to name the emotion (open-choice) present in
each stimulus without the dialog context

5.1 Corpusand experimental protocol 5.2 Results

The test stimuli consist of 45 sentences extracted frondpen choice emotion

Stock Exchange dialog corpus. The sentences were Sypjects were asked to classify each sentence in
selected with respect to the 5 categories of emotiongerms of the perceived emotions. The results suggest
previously annotated in context (see Section 4). Thergywg major strategies: (1) subjects use one or more of
are 9 sentences for each emotion class. In order to athe labels of the forced choice present in the test win-

low more liberty in the tests, the set of emotion labelsgow. The labels are employed alone or combined with

proposed to the subjects was enlarged to cover shadegiher emotion and attitude markers. (2) subjects use
emotions. Five of the sentences (one sentence per agnother emotion label or complex syntactic structure

notated emotion) were used in the training phase of thelescribing the agent/client behavior. Concerning this

perceptual experiments. The test corpus is balancegecond strategy, embarrassment and disappointment
with respect to the agent and customer sentences. Thgere the most frequent labels.

20 agent sentences are equally distributed between the
four agents (three men and one woman). For the cusRegyltsfor emotion classes

tomer sentences, the majority are spoken by men (18 Figure 1 summarizes the identification results for

male, 2 female utterances). the perceptual experiments. 55% of the sentences are
Forty native French subjects have participated inidentically labelled with and without listening to the
the one the two tests: 20 for each condition. audio signal. These results highlight the importance

of linguistic information in telephone-based applica-
The instructions for the subjects using the test intertions and the influence of commonly accepted polite-

face were: ISLE workshop, Edinburgh Dec 163%8,52(56'5]?56}; Ieer-%iﬂl A a(r)rfeﬁhe customer sente8nces



were judged to be in the anxiety and irritation emo-cern emotionally charged words and particular syntac-
tion classes. As expected for this sort of applicatiortic phenomena. Generally speaking, the acoustic and
the agent sentences were usually judged as neutral atprosodic parameters accepted and described in the lit-
tude or excuse emotion. There are only few exceptiongrature are speech rate, intensity and FO variation. For
such as marks of anxiety “ouh la c’est pas normal touthe perceptual test, we supposed that providing acous-
ca” (oh oh that is suspext tic prosodic cues is not intuitive for a naive subject,
A surprising result is that the proportion of non- SO We guided them with a number of forced choices
neutral emotions is lower when subjects were abldor Qescrlblng the selected prosodic parameters. The
to listen to the signal than when they were not (55%choices for the speech rate were: slow, normal and
compared to the 70%). Some possible explanationfSt: for intensity: normal and high; and for FO vari-
are first, the rules of politeness encourage callers t&tion: flat or variable.
control the expression of the underlying emotion, and The majority of subjects judged the speech rate as
second, the subject may associate voice quality rathd@st for irritation and satisfaction, whereas the FO vari-
than emotion with the audio characteristics. Someation allowed subjects to distinguish neutral state and
examples in the context-independent perceptual tes@XCuse (flat) from other emotional states (variable). Fi-
indicated the significance of the voice quality. Therenally, there was no noted perceptual difference in in-
are sentences that were clearly judged by subjects 4ensity across the stimuli. Two possible explanations
in the class “l don't know” or “neutral” with audio ©Of these results are: (i) there is no objective perceived
listening because the voice tone did not correspond tgcoustic variation among the stimuli of the test; (ii)
the semantic meaning of the sentence. For exampldhe telephonic speech does not allow subjects to per-
the sentence “d’accord trés bien je vous remercie’ceive this variation. In addition, pitch and energy ex-
(ok, very good, thanks) was always judged as «ggtiraction for telephone speech is an especially difficult
isfaction” without listening the sentence, but whenProblem, due to the fact that the fundamental is of-
subjects were able to listen the majority selected thdéen weak or missing, and the signal to noise qual-
“I don’t know” label suggesting that the lexical and ity is usually low. Concerning the first explanation,
prosodic cues were contradictory. The audio conditiorin contrast to the perceptual cues found to be rele-
provides a number of complex acoustic parameterd@nt using simulated emotions produced by actors, in
which carry the emotion including the voice quality, the WOz experiments (Batliner et al., 2000) and real
the environment quality (recording, noise) which agent-client dialogs the acoustic and prosodic cues are
results from a mixture of emotional state of speakermUCh less easily identifiable. A reason for this differ-
and interaction-dependent emotion, etc. In addition€Nce is that in acted speech, emotions are expressed
the acoustic correlates of emotion in the human voic&Vith more prosodic clues than in realistic speech data
are subject to large individual differences. ProsodyWwhere speakers express their emotions multiple lin-
adds complementary information to the linguistic 9uistic strategies (i.e lexical, dialogic...).
content of the message or can be contradictory and Concerning the emotionally charged keywords, the
even modify' as shown in the previous examp|e'SUbjeCtS’ answers can be grouped into a few main
the literal meaning of the sentence. In real-lifeclasses: words denoting emotiome(vousfor irrita-
dialogs, the context helps to correctly evaluate thetion, | am afraidfor anxiety,thanks so muclfor sat-
interaction-dependent emotion. For examp|e, théSfaCtion...), swear words (’4-|etter’ words for irrita-
context-dependent audio-based annotation provide#on), exclamations, negation, etc. Concerning syn-
the satisfaction label for the previous sentence sugtactic structure, the responses point out a number of
gesting that the context can solve the contradictiorfharacteristics of spontaneous speech (hesitation, rep-
between the acoustic cues and linguistic informationé€tition, reformulation...) but only a few are explicitly
This examp|e h|gh||ghts the importance of integratingcorrelated with a particular emotion (SUCh as Splutter-

dialog information to improve emotion recognition. ~ ing for anxiety). We are currently looking to corre-
late the perceptual cues with objective measures car-

ried out on the test corpus. The next step will be to

Prosodic and textual cues X
) validate these measures on a larger corpus.
Here we report on the perceptual prosodic and tex-

tual cues detected by the subjects. We will presenf  Djscussion

the major choices in terms of perceptual cues analy-

sis. In order to compare the role of the two types ofThree main emotional behaviors emerge from the per-
cues, we focus on the [+audio] condition experiment.ceptual tests in both conditions: irritation, anxiety and
As mentioned in experimental protocol, subjects wereneutral attitude (the default normal state). In addition,
ask to describe the linguistic and prosodic cues usethe excuse attitude was identified as an agent behav-

i making their JoqGeent, e NGRS SHi5a506 0% JGSPHETTRIRISR ek Afer exporing 2



range of possibilities for annotating emotions with theD. Galati, B. Sini, “Les structures sémantique du lex-
perspective of carrying out automatic detection experi- ique francais des eémotions”, ires émotions dans
ments, we decided to refine the set of emotion/attitude les interactions, C.Plantin, M.Doury, V.Traverso
tags. These tags reflect complex mixed and shaded (eds.), PUL 2000. ch 3, p75-87.

emotiong and attitude'_s found in the agent-client cal _Hardy, K. Baker, L. Devillers, L. Lamel, S. Ros-
cente_r dialogs. The_ SIX sele_ct_ed_tags are the Sha‘?‘e set, T. Strzalkowski, C. Ursu and N. Webb, “Multi-
emotion tags of anxiety and irritation, the neutral atti- layer Dialogue Annotation for Automated Multi-
tude and three attitudes dependent on the intel’action in |ingua| Customer Service”lSLE Workshop on d|_
the perceptive tests presented above: embarrassment,alogue tagging for multi-modal Human-Computer
disappointment and satisfaction. Interaction Edinburgh, Dec 2002.

C. Kerbrat-Orecchioni, “Les émotions dans la lin-
guistique”, inLes émotions dans les interactions,

This work has been carried out in the context of the C-Plantin, M.Doury, V.Traverso (eds.), PUL 2000.

AMITIES project which aims to explore novel tech- €2, p33-74.

nologies for adaptable multilingual spoken dialog sys-c \m. Lee, S. Narayanan, R. Pieraccini, “Recogni-

tems. Central to the project is the study and modeliza- tjgn of Negative Emotions from the Speech Signal”,
tion of large corpora of human-human and human- ASRU 2001.

computer dialogs which serve as the basis for system ) o _
development. Part of our ongoing work is the multi- ©-M- Lee, S. Narayanan, R. Pieraccini, “Combin-
level annotation of agent-client dialogs from another Ing aCO.U.St'S and language information for emotion
financial call center. Concerning the emotion labels, recognition”,ICSLF, 2002,

130 dialogs have already been annotated with the new.y. Lo, J.L. Gauvain, “The Limsi Topic tracking sys-
tag set and will serve as a larger real-life corpus to tem for TDT2001,” DARPA Topic Detection and
better evaluate the role of different linguistic parame- Tracking WorkshopGaithersburg, Nov. 2001.

ters. Further work will be to explore the combination
of emotion information conveyed by the textual infor-
mation and the contextual dialogic information with
the prosodic features.

7 Perspectives

Y. Morlec, G. Bailly, V. Aubergé, “Generating
prosodic attitudes in French: data, model and eval-
uation”, Speech Communicatipklarch 2001.

S. Mozziconacci "Emotion and attitude conveyed in
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