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ABSTRACT thereby achieving better task completion rates. Emotien de

Accurate detection of emotion from speech has clear ben_tectlon_can _also be used to rapidly identify relevant speech
or multimedia documents from a large data set.

_efits for the design of more _natural huma_n-machi_ne speech Several techniques for detecting emotion from speech
interfaces or for the extraction of useful information from have been recently described [4, 12, 1, 11, 9, 6, 5, 13, 8,

large quantities of speech data. The task consists of assign ; :
ing, out of a fixed set, an emotion category, eagger, fear 10]. But the relative performance of these techniques has
or satisfaction, to a speech utterance. In recentwork, several gath%ergr:/vrgriaggrrﬁg dsgwlieotr?e(}jig(iggtr '?Oernt:r;ep.?ggdrebs{lﬁge
classifiers have been proposed for automatic detection of & R pora.

eported are not always indicative of the performance of

speaker’s emotion using spoken words as the input. Thes . . N L
classifiers were designed independently and tested on sep-hese techniques in real-world applications. Some arechase

arate corpora, making it difficult to compare their perfor- ohn the uknreallsuc assumption that tge word tranﬁcrlptbng
mance. the spoken utterance is given in advance. Others are de-

This paper presents three classifiers, two popular clas-rivecj from experiments with speech data produced by pro-

sifiers from the literature modeling the word content via fessional actors expressing distinct emotion categories.

1-gram sequences, one based on an terpoated anguage, 1= PA0Sr compares several techniues for detectng
model, another on a mutual information-based feature-sel- y 9 P

ection approach, and compares them with a discriminantPys of speech data collected from a deployed customer-care

kernel-based technique that we recently adopted. We havé\pplication (HMIHY 0300). Emotion detection classifiers

implemented these three classification algorithms and eval Can use diverse information sources, €.g., acoustic of lexi

uated their performance by applying them to a corpus col- cal mforrr(]jatllon. .'][.0 use a commli)n set oglnput ;ea;ures, v\\//\(/e
lected from a spoken-dialog system that was widely de- compared classifiers using spoken words as the input. We

ployed across the US. The results show that our kernel-Present a comparison of three classification algorithmis tha

based classifier achieves an accuracy of 80.6%, and outWe have implemented: two popular classifiers from the liter-

performs both the interpolated language model classifier,ature modeling the word content viagram sequences, one

which achieved a classification accuracy of 70.1%, and theP&iﬁgﬁ&gpﬁ:gtgﬁ%g&%I?&ﬁ%ggg dr??g;lu[fe]_’sz?gg?er (;n a
classifier using mutual information-based feature sejacti ; A on
(78.8%) proach [9, 8], and compare them with a discriminant kernel-

based technique that we recently adopted [2, 13].
We first give a brief description of the three classifiers
1. INTRODUCTION evaluated (Section 2) and then present the results of our ex-
periments (Section 3).
Detecting emotion from speech can be viewed as a classi-
fication task. It consists of assigning, out of a fixed set,
an emotion category e.gqviality, anger, fear, or satisfac- 2. CLASSIFIERS

tion, to a speech utterance. Accurate detection of emotion i ot ; ;
from speech has clear benefits for the design of more nat-In spoken-dialog applications, a speaker's emotion may var

ral human-machine speech interfaces or for the e tract'onduring the course of the interaction, but the dialog-manage
u u ' P : X : processes the speaker’s input only after each turn of the di-

of useful information from large quantities of speech data. alog. Thus, the problem of detecting emotion can be for-

It can help design more “ia“”a' spoken-dialog systems t.ha%ulated as that of assigning an emotion categoxy each
those currently deployed in call centers or used in tutoring utterance. Two main types of information sources can be

;sg;t,grr&?élghe;apﬁ:k:: ?oemr%t\'/?gecﬁlno?g gﬁﬁg}gdrgz tgﬁ;gsshsed to identify the speaker’'s emotion: the word content of
9 9 P P the utterance and acoustic features such as pitch range. Pre

“Much of this work was done when this author was affiliated with Vious work, including our own experiments with the data
AT&T Labs — Research. used in our experiments suggests that the word content of




an utterance is a better indicator of emotion than speakingand was based on a unigram model=€ 1). For the cre-
style [10, 13]* Other information sources such as the his- ation of that system, various special-purpose and language
tory beyond the current dialog turn can be captured throughspecific pre-processing procedurgsifiming, stopping, and

the dialog state and used for emotion detection. The clas-compounding) were also applied to the lexical input, some
sification algorithms presented in this section only use the of them manually. A part-of-speech tagger was used to help
spoken words at each turn of the dialog, which may be avail- with stemming, a stop-list of about hundred words was used
able as a unique word sequence or as a word lattice generto filter out high-frequency words (stopping), and a list of
ated by an automatic speech recognizer, but in most caseswventy compound words was used to compensate for the
they can be enriched to use other information sources. Inlimited span of the unigram models used (compounding).

the following, we describe the three classifiers compared in

our experiments.

2.1. Interpolated Language Model Classifier

2.2. Ml-based Feature-Selection Classifier

Another classifier for emotion detection is presented by [8]
This section briefly describes the component using lexical

A classifier for detecting emotion using an interpolated lan information for identifying categories. Its main ingreaie
guage model was described by [6]. This section gives a briefjs the use of mutual information for feature selection.

description of that classification technique.

The main idea behind this feature selection is that not

The problem of emotion detection can be formulated g words, or sequences of words, are relevant attributes fo

as a classical maximum a posteriori decoding. et
wy - - - wy, denote the sequence of words spokBra finite
set of emotion categories,€ E an emotion category, and
P(e | w) the probability ofe given that the sequeneewas
spoken. The problem consists of findifigs defined by:
é = argmaxP(e | w) (1)
ecE
Using Bayes' ruleP (e | w) can be rewritten as: (“1;‘(62”1;(6).
SinceP(w) does not depend of the problem can be re-
formulated as:
é =argmaxP(w | e) P(e) (2)
ecE

whereP(e) is the a priori probability of observing and
P(w | e) the probability of the sequence given that an
emotion category has been expresse# (e) can be esti-
mated by the frequency efin the training data. For each
emotion category € E, P(w | e) can be modeled by

an n-gram statistical grammaP(w | e) using a standard

smoothing technique such as that the Katz back-off tech-
nique [7]. The data available for each emotion category
e may be too small to train a robust statistical model for
P(w | ). To cope with this problem, one can interpolate the

modelP (w | ¢) with a generah-gram modeP (w) trained
on the data for all emotion categoriess F using a stan-
dard linear interpolation with parametgrfor: = 1...k:

3)

whereP(w; | E) is the model resulting from the interpo-

P(w; | E) = AP(w; | e) + (1 — NP (w;)

lation. )\ determines the trade-off between the two models

and can be selected to maximize the likelihood.

predicting the emotion category of an utterance. To select
the most relevant words, the mutual information criterion
can be used. Th&liency of a wordwy for predicting emo-
tion categories is thus defined as the mutual information be-
tweenP(e), the probability of an emotion category, and the
conditional probability of given the presence of the word
wo in the spoken utterance:

sal(wo) = Y P(e | wp)log W
ecE

This can be used for feature selection when the features
used for prediction of the emotion category are words or se-
quences of words. A subsstof words or word sequences
with the highest saliency can be selected as features. In the
case of words, a modified version of the maximum a pos-
teriori procedure can be used to determine the emotion cat-
egory associated with the sequence of words spaken

Wy -+ W

(4)

é = argmaxII¥_ P(w; | e) ds(w;) P(e)
ecE

(5)

wheredg is the characteristic function of the s&t

One problem with this approach is that the key measure,
sal(wp), is not reliable for infrequent words. For example,
words that occur only once in the training set and happen
to be tagged with a specific emotion category have a high
empirical saliency, but this may not generalize to the new
occurrences in the test set. Some heuristics can be used to
remove such words from the set and improve the robustness
of the classifier.

The system presented by [6] was designed for classifi-2.3. Kernel-Based Discriminant Classifier

cation into five emotion categories:

E = {Anger, Fear, Satisfaction, Excuse, Neutral}

1We describe in a more extensive and forthcoming study howsaco
tic and lexical information can be naturally combined witlsi common
framework to create a classifier more powerful than one baseshy one
of these information sources alone.

A general frameworkgational kernels, was recently intro-
duced to extend kernel-based statistical learning teciasiq

2Note that the mutual information criterion could be usederotion
detection by selecting the emotion category that maximtizesnutual in-
formation between itself and word sequences. However,ahisoach is
not practical when a relatively limited amount of trainingta is available.



to the analysis of variable-length sequences or, more gen- | _Classifier | Accuracy |
erally, weighted automata. Rational kernels are efficient t a) Interpolated language model classiffer 70.1
compute and can be combined with support vector machines | b) MI-based feature-selection classifief  78.8
(SVMs) to form powerful discriminant classifiers for a va- c) Kernel-based classifier with one-best  79.9
riety of text and speech processing tasks [2]. This section ["d)Kernel-based classifier with lattices| 80.6
gives a brief overview of a specific family of rational ker-
nels,n-gram kernels, that were used in our experiments.
A rational kernel can be viewed as a similarity measure Table 1. Comparison of several classifiers based on spo-
between two sequences or weighted automata. One may, foken word sequences for detecting emotion. The word se-
example, consider two utterances to be similar when theyquences or lattices used were the output of an automatic
share many common-gram subsequences. This can be speech recognition system.
extended to the case of weighted automata or lattices over
the alphabeX in the following way. A word latticed can be
viewed as a probability distributioR4 over all stringss €
¥*. Modulo a normalization constant, the weight assigned
by Ato astringr is [A](x) = — log Pa(z). Denote by s|,
the number of occurrences of a sequende the strings.
The expected count or number of occurrences of-gnam
sequence in s for the probability distributionPy, is:

The corpus used consisted of 5147 utterances from 1854
speakers. The emotion category of the speaker for each ut-
terance was originally tagged into one of seven emotion cat-
egories [13]. For this study, they were grouped into only two
categories — negative and non-negative. This is simildrego t
categories used in the experiments carried out by [8]. The

utterances were presented to human annotators in the order
c(A,x) = Z Pa(s)[sla (6) of occurrence, thus they had the advantage of knowing the
s context beyond the utterance being labeled. Note, this-is un

Two lattices generated by a speech recognizer can be viewedike some of the previous studies [8, 6] where the utterances

as similar when the sum of the product of the expected Were presented in a random order. On the average, the utter-
counts they assign to their commanrgram sequences is ances were about 15 words long. A subset of 448 utterance

sufficiently high. Thus, we define angram kernek,, for was used for testing on which two human labelers were in
two latticesA; and A, by: full agreement. For further details on the corpus used and
the consistency of annotations, refer to [13].
kn(Az, As) = Z c(A1,z) c(As, x) (7) The input to the classification task consisted of the word
|z|=n sequences or lattices generated by an automatic speech reco

) N . ) _ nition system whose word error rate on this data set was
The kernelk, is a positive definite symmetric rational ker- - 37.8%. This contrasts with some previous work, e.g., [6, 8],
nel or equivalently verifies the Mercer condition [2], a con- where manual transcriptions were used instead.
dition that guarantees the convergence of training for dis-  The classifiers were tested using a range of parameters.

criminant classification algorithms such as SVMs. Further- tye interpolated language model classifier was evaluated
more, it can be computed efficiently using weighted trans- ith the interpolation parameter varying from 0.5 to 1 in

ducer algorithms [2]. The sum of two kernéls andk;, is steps of 0.1. Both the interpolated language model classifie
also a positive definite symmetric rational kernel [2]. Thus 5nd the rational kernel-based discriminant classifier were
we can define am-gram rational kernel K, as the posi-  eyajuated withe-gram orders of one to five. The mutual-
tive definite symmetric rational kernel obtained by taking information-based feature-selection classifier was atatl
the sum of alk,,, with 1 <'m < n: only with unigrams due to the unreliable estimates of in-
n frequent contexts in limited training data. This classifier
K, = Z Emm (8) has two other parameters that Were.var.ied to determine t_heir
oo best performance, namely, the cardinality of the set oésali

. _ words S and the count threshold for ignoring infrequent
The feature space associated with is the set of allm- words.

gram sequences witth < n. These kernels can be com- Table 1 summarizes the results of our experiments. With
bined with other families of positive definite symmetricker e interpolated language model classifier, unigram models
ne}!s, e.g.polynom|al kernels of degreep d?“'”ed by(K T performed as well as the higher-ordegram models. The
a)”, to define more complex kernels, which we used in our pegt resyits were obtained with the interpolation parame-
experiments. ter A = 0.8. As an alternative to model interpolation, we
also experimented with the standard count merging of the
3. EXPERIMENTS AND COMPARISON n-gram counts of the specific and general models, but this
did not lead to any improvement over the results obtained
To compare the emotion detection classifiers described inwith model interpolation. The MI-based feature-selection
the previous section in a real-world task, we evaluated thei classifier yielded significantly better results than theiint
performance on data extracted from a deployed customerpolated language model classifier: an improvement of the
care system, the AT&T “How May | Help You” system classification accuracy by 7.7% absolute. This suggests tha
(HMIHY 0300). feature selection plays a crucial role for emotion detectio
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