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ABSTRACT

Most current spoken-dialog systems only extract sequences
of words from a speaker’s voice. This largely ignores other
useful information that can be inferred from speech such
as gender, age, dialect, or emotion. These characteristics
of a speaker’s voice,voice signatures, whether static or dy-
namic, can be useful for speech mining applications or for
the design of a natural spoken-dialog system. This paper
explores the problem of extracting automatically and accu-
rately voice signatures from a speaker’s voice.

We investigate two approaches for extracting speaker
traits: the first focuses on general acoustic and prosodic fea-
tures, the second on the choice of words used by the speaker.
In the first approach, we show that standard speech/non-
speech HMMs, conditioned on speaker traits and evaluated
on cepstral and pitch features, achieve accuracies well above
chance for all examined traits. The second approach, us-
ing support vector machines with rational kernels applied
to speech recognition lattices, attains an accuracy of about
81% in the task of binary classification of emotion. Our re-
sults are based on a corpus of speech data collected from a
deployed customer-care application (HMIHY 0300). While
still preliminary, our results are significant and show that
voice signatures are of practical interest in real-world appli-
cations.

1. INTRODUCTION

Most current spoken-dialog systems only extract sequences
of words from a speaker’s voice. This largely ignores other
useful information that can be inferred from speech. As hu-
mans, we infer a number of important traits about a speaker
that may include gender, age, dialect, ethnicity, emotion,
level of education, state of intoxication, and even height or
weight.

These characteristics of a speaker’s voice,voice signa-
tures, whether static or dynamic, can be useful for speech
mining applications or for the design of a natural spoken-
dialog system. When combined, and in some cases accu-
mulated over time, voice signatures can lead to a character-
ization of a speaker. In speech mining, such traits can be
used to rapidly identify relevant speech or multimedia doc-
uments out of a large data set. Voice signatures can also be
utilized to create more natural human-machine speech in-
terfaces than existing ones. For example, knowing that an
elderly person from a Southern state is upset, an automatic

customer-care system could comfort the user with an ap-
propriate dialog sequence in a synthesized Southern accent.
Similarly, when a young New Yorker enquires, the system
could deliver the information at a suitable pace with an ac-
cent more familiar to him. Similarly in a marketing dialog,
information about age or gender can be used to guide the
offers and questions posed.

This paper explores the problem of extracting automati-
cally and accurately voice signatures from a speaker’s voice.
Our study focuses on the following four signatures: gender,
age, dialect, and emotion. Gender is detected in many au-
tomatic speech recognition (ASR) systems for the purpose
of choosing gender-specific acoustic models. Automatic de-
tection of age and dialect have been studied to a lesser ex-
tent.

In a series of experiments, several authors have studied
subjective estimation of age on small corpora [4, 3]. Their
work shows that humans can estimate age groups reliably
even across certain languages. The only study on automatic
age detection that we are aware of is that of [17] which
shows that, on a small Japanese corpus, a binary classifi-
cation of elderly versus others can be performed with an
accuracy of 95%. The authors found standard Mel-warped
cepstral features, speaking rate, and local variation of power
(shimmer) to be useful, but not pitch.

While a few researchers have studied the automatic clas-
sification of foreign accents in English, studies on dialect
are even fewer. In [22, 1], mono-phones conditioned on for-
eign accents were used to classify 4-6 classes of speakers
to obtain an accuracy of about 61-65% on isolated words.
Miller and Trischitta from BBN, applied Fisher linear dis-
criminant to classify two distinct dialect groups – Northern
(Boston and Midwest) and Southern (Atlanta and Dallas),
and obtained a binary classification accuracy of about 92%
on digit strings and short phrases [16].

The detection of emotions has been the subject of sev-
eral recent studies. In most of the work reported, various
general classes of emotion are defined and correlated with
measurable attributes of speech [8, 20]. Some recent stud-
ies are based on artificial speech data: speech collected from
actors asked to articulate distinct types of emotions, or data
from an artificial laboratory setup [19, 2, 20]. Two recent
sets of studies are based on data collected from real appli-
cations. Devillerset al. [9] investigated automatic classi-
fication of utterances into five categories, namelyneutral,
anger, fear, satisfactionandexcuseusing interpolated un-
igrams conditioned on each class of emotion. Using the



highest posterior on the reference transcripts, these authors
obtained an accuracy of 68%, when averaged over two bal-
anced test sets of 125 utterances each. Leeet al. [11, 12, 13,
14] extracted a set of utterance-level statistics on acoustics
such as pitch and energy. In addition, they computed a mea-
sure ofsalienceover words that occurred in the utterance.
It is unclear whether the words were from the reference or
from the ASR output. The combination of the two scores,
under the assumption of statistical independence, gave a bi-
nary classification accuracy of 80%.

Our experiments are based on a speech corpus collected
from a deployed customer-care application (HMIHY 0300).
In Section 2, we briefly describe the annotation of that cor-
pus for the purpose of detection of voice signatures, in-
troduce the definition of the classes or categories used for
each speaker trait, and discuss our test of the consistency
of the labeling. Both acoustic (and prosodic) features and
word sequences may be used as a clue to determine such
speaker traits. Section 3 describes our use of cepstra aug-
mented with pitch and HMM-based classifiers to identify
the four speaker traits already mentioned and presents the
results of our experiments. Section 4 describes how word
lattices output by a speech recognizer can be used to de-
rive these speaker traits. It briefly describes a general dis-
criminant classification technique, support vector machines
(SVMs) with rational kernels that are applied to lattices, and
presents the results of our experiments, in particular to the
binary classification of emotions into two categories.

2. CORPUS ANNOTATION AND CATEGORY
DEFINITION

To understand how well speaker traits can be extracted in a
real-world application, we chose to work with data collected
from a deployed customer-care system, AT&T’s “How May
I Help You” system (HMIHY) [10]. The following sections
describe the guidelines used for the annotation of the corpus
for our purposes here and discuss how labeling consistency
was measured on the corpus.

2.1. Annotation

The corpus annotation presented several issues, in particular
because the data was from a real application (as opposed to
“acted” speech) and because there are no widely accepted
definitions for the class values associated with emotion and
dialect. We took a pragmatic approach guided mostly by
the following three goals: ease of labeling by native speak-
ers, high inter-labeler agreement, and the ability to identify
ambiguous labels.

Initially, we adopted the age and dialect labels used in
the DARPA Switchboard corpus. However, based on some
informal perceptual experiments, we decided to collapse per-
ceptually confusable categories. For example, Mid-West
and Western dialects were merged into one category. Sim-
ilarly, age was grouped into broad categories. Further, to
reduce the variability within classes, intermediate groups
were defined to isolate speakers who were hard to classify

into one category alone. The details of the annotations for
each trait are given below.

Age. While gender, dialect and emotion are categori-
cal, age is continuous and its estimation could be treated as
a regression problem. However, it proved convenient and
less confusable for us to group age into discrete bins. Per-
ceived age was grouped into four main categories:Youth
(below 25 years),Adult (between 25 and 50 years), and
Senior(above 50 years). When the labelers were unsure,
they were allowed to assign speakers to intermediate cate-
gories: Youth/Adult, andAdult/Senior, with the motivation
that the uncertain assignments can be refined using inter-
labeler consistency tests or automatic techniques.

Dialect. Based on our perceptual studies and feedback
from labelers, dialect was annotated with the following seven
categories:NE (Boston and similar),NYC (Brooklyn and
similar),MW/W(Mid-West, West and “standard” American
dialect),So(Southern),AfAm(African American),Hisp/Lat
(Hispanic or natives of Latin America), andNonNat(non-
native not belonging to above categories). In order to cap-
ture the uncertainty in the assignment of categories, the la-
belers were also requested to qualify their classification with
Strong/Sureor Weak/Unsurelabels.

Emotion. Emotion was also grouped into seven cate-
gories:PosNeu(positive, neutral, cheerful, amused or seri-
ous),SWAngry(somewhat angry),VAngry (very angry, as
with raised voices),SWFrstd(somewhat frustrated),VFrstd
(very frustrated),OtherSWNeg(otherwise category of lower
intensity) andOtherVNeg(otherwise category of higher in-
tensity). When several negative emotions apply, labelers
were requested to choose the dominant one. In case of am-
biguity, the category with the earlier rank in the above men-
tioned list was selected.

The utterances from a customer were presented to the
labelers in the order of occurrence, thus they had the ad-
vantage of knowing the context beyond the utterance be-
ing labeled. Note, this is unlike some of the previous stud-
ies [12, 9] where the utterances were presented in a random
order. On the average, the utterances were about 15 words
long. The total number of utterances in the corpus is 5147
(from 1854 calls) and the observed class distributions are
shown in Table 1.

Trait Classes (%)
Gender Female (65); Male (35).
Age Youth (2.3); Adult (57.9); Senior (24.0);

Youth/Adult (3.0); Adult/Senior (12.9).
Dialect MW/W (51.2); So (17.1); NonNat (5.9);

AfAm (4.8); HispLat (4.5); NE (1.4);
NYC (15.1).

Emotion PosNeu (70.9); SWFrstd (16.3);
SWAngry (7.8); VFrstd (2.7);
VAngry (1.7); OtherSWNeg (0.4).

Table 1. Observed distribution of classes in the corpus.
Classes with less than 0.1% occurrences are not shown.



Gender
Male, Female 1.0

Age
Youth, Youth/Adult, Adult,
Adult/Senior, Senior 0.34fYouth, Youth/Adultg,fAdult, Adult/Seniorg, Senior 0.37fYouth, Youth/Adultg, Adult,fAdult/Senior, Seniorg 0.50

Dialect
AfAm, Hisp/Lat, MW/W, NYC, NE,
NonNat, So 0.58
AfAm, Hisp/Lat,fMW/W, NYCg, NE,
NonNat, So 0.72
AfAm, Hisp/Lat,fMW/W, NYC, NEg,
NonNat, So 0.74

Emotion
PosNeu, SWAngry, SWFrstd, OtherSWNeg,
VAngry, VFrstd 0.32
PosNeu,fSWAngry, SWFrstd, OtherSWNegg,
VAngry, VFrstd 0.34
PosNeu,fSWAngry, SWFrstd, OtherSWNeg,
VAngry, VFrstdg 0.42

Table 2. Inter-labeler consistency in labeling dynamic
and static speaker traits, showing the variations in Cohen’s
Kappa values when different classes are merged as denoted
by parenthesized sets.

2.2. Consistency

To test annotation consistency, a subset of 200 calls (627
utterances) were annotated by two human labelers. Subse-
quently, this was used as a test set and the rest of the data
as a training set. Consistency was measured with Cohen’s
Kappa1, and this measure was also used to test the impact of
merging various classes (e.g., dialect such as Midwest/West
and New York City). Table 2 gives a summary of the mea-
sured Kappa for grouping various classes.

Among the tags, the highest inter-labeler agreement was
observed for gender and dialect. The consistency improves
when some of the classes are collapsed. For example, the
inter-labeler agreement improves when age is annotated as:fYouth, Youth/Adultg, Adult, fAdult/Senior, Seniorg. Simi-
larly, when emotions are grouped into negative vs. others.

3. SPEAKER TRAITS FROM GENERAL
ACOUSTIC AND PROSODIC FEATURES

We first investigate the use of general acoustic and prosodic
features to distinguish speaker traits, which focuses more
on how the speaker spoke and less on what specifically they

1Cohen’s Kappa is a statistic often used to assess inter-rater reliability
in coding categorical variables, a measure considered to bebetter than %
agreement [5]. It takes values from 0 to 1, where higher valuerepresents
better reliability.
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Fig. 1. Search space constrained to allow only paths that
contain one type of tagged speech state (M or F), optionally,
with non-speech (p) states.

said. For this, we use speech/non-speech HMM-based clas-
sifiers on cepstral features to identify speaker traits. The
speech portions in an utterance were tagged with labels as
described in the previous section and were modeled with
one-state HMMs. The non-speech portions of all the utter-
ances were modeled with a generic one-state noise model.
Both speech and non-speech states were modeled with Gaus-
sian Mixture Models, allowing them to take a variable num-
ber of mixture components. Standard Mel Frequency Cep-
stral Coefficient (MFCC), as used in automatic speech recog-
nition (ASR), were used as input, without any normaliza-
tion. In a second set of experiments, we added pitch in-
formation to the MFCC feature vector. The pitch measure-
ments were computed using the Entropicswavesprogram
and normalized as in [15].

For testing, Viterbi decoding was performed over the ut-
terance. The state space was constrained as shown in Fig-
ure 1. Each path contained only one type of speech tag,
which in some cases was drawn from the cross product of
multiple trait labels. The finite-state transducer represent-
ing the constrained state space allowed insertion of non-
speech states. The time synchronous search was pruned us-
ing beam widths as in ASR decoding. For experiments with
unbalanced test sets, the priors were incorporated as uni-
gram weights in the weighted finite-state transducers (WF-
STs) representing the constrained state space [18].

The HMM-based classifiers were evaluated on the two
feature sets mentioned above. The results are reported in
Table 3. Accuracies for each trait were evaluated indepen-
dently by four-fold cross-validation on test set which was
balanced by class. The target classes were collapsed ac-
cording to the groupings that gave maximal Kappa (shown
in Table 2). Each trait was evaluated only over those ut-
terances that had the same collapsed class label from both
labelers. The balanced test set contained 368, 57, 125 and
276 utterances for gender, age, dialect and emotion respec-
tively. In Table 3, ”chance” denotes the accuracy achieved
by a trivial classifier that assigns the most probable class
label to all test points.

Gender detection performed quite well as expected. Ad-
ditionally, conditioning the speech states on age and emo-
tion, marginally improved gender detection. Classification
of a speaker’s age group performed best when modeled alone.



Traits Jointly Modeled Ceps Ceps+Pitch
Gender (chance 50%)

Gender only 94.6 95.4
(Gender,Age,Emotion) 95.9 95.9

Age (chance 33.3%)
Age only 68.4 70.2

Dialect (chance 20%)
Dialect only 43.2 44.8
(Dialect,Gender,Emotion) 44.8 50.4

Emotion (chance 50%)
Emotion only 68.5 67.8
(Emotion,Gender) 68.8 69.2

Table 3. Classification accuracy using speech/non-speech
HMMs, tagged with speaker traits, and evaluated on (a) cep-
stral features (Ceps), (b) cepstral features augmented with
processed pitch (Ceps+Pitch).

Dialect classification produced the best results when it was
modeled jointly with gender and emotion. Emotion pro-
duced best result when modeled jointly with gender. The
classification of age, dialect and emotion improved further
when cepstral features were augmented with pitch informa-
tion. Although there were only two classes of emotions,
it was always found beneficial to model the emotions at a
finer level and re-assign the classes to the two categories
after classification. This was found to be true for age and
dialect as well.

In applications where the occurrence of classes is un-
equal, the priors can be incorporated into the WFST that
represents the state-space constraints. This was evaluated
on the full test set, containing 627, 445, 465 and 448 utter-
ances for gender, age, dialect and emotion respectively, to
obtain the following accuracies - 95.7% for gender, 64.5%
for age, 61.4% for dialect, and 76.8% for emotion. How-
ever, the gain observed in augmenting the cepstra with pro-
cessed pitch disappeared.

4. SPEAKER TRAITS FROM THE SPEAKER’S
SPOKEN WORDS

We next investigate using the speaker’s words to distinguish
speaker traits. Here we are specifically making use of what
the speaker said, not so much how he said it. We use a gen-
eral discriminant classification technique that applies tothe
word lattices output by the recognizer. These lattices encode
hypothesized words along with their estimated likelihoods
of being correct.

In some tasks such as that of determining the class of
emotions corresponding to an input speech utterance, it is
natural to use the word transcriptions provided by the recog-
nizer since some words or sequences of words may provide
a strong indication of the class of emotions of the utterance.
It is often preferable to use the full word lattice output by the
recognizer since, in most cases, the word lattice contains the
correct transcription.
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Fig. 2. Weighted transducerT defining a 4-gram kernel.

4.1. Rational Kernels

Traditional statistical learning techniques have focusedon
classification of fixed-length input vectors associated to the
objects to be classified. The application of discriminant
classification algorithms to word lattices, or more gener-
ally weighted automata, requires generalizing these algo-
rithms to handle distributions of alternative variable-length
sequences.

We recently introduced a general framework,rational
kernels, to extend statistical learning techniques to the anal-
ysis of weighted automata [7, 6]. Our approach is based on
kernels. Kernel methods are widely used in statistical learn-
ing techniques such as Support Vector Machines (SVMs)
[23] due to their computational efficiency in high-dimen-
sional feature spaces [21]. Kernels are used for computing
inner products or similarity measures between feature vec-
tors in a closed form without explicitly extracting the feature
vectors.

The general family of kernels we introduced, rational
kernels, is based on weighted transducers or rational rela-
tions, which apply to weighted automata and thus word lat-
tices. These kernels are efficient to compute using general
weighted automata and graph algorithms and have been suc-
cessfully used in other applications such as spoken-dialog
classification.

4.2. n-gram Kernels

A kernel can be viewed as a similarity measure between
two sequences or weighted automata. One may for example
consider two sequences to be similar when they share many
commonn-gram subsequences.

This can be extended to the case of weighted automata
or lattices over the alphabet� in the following way. A word
latticeL can be viewed as a probability distributionPL over
all stringss 2 ��. Denote byjsjx the number of occur-
rences of a sequencex in the strings. The expected count
or number of occurrences of ann-gram sequencex in s for
the probability distributionPL is:CL(x) =Xs PL(s)jsjx
Two lattices output by a speech recognizer can then be viewed
as similar when the sum of the product of the expected
counts they assign to their commonn-gram sequences is
sufficiently high. Thus, we define ann-gram kernelK for
two latticesL1 andL2 by:K(L1; L2) = Xjxj=n CL1(x)CL2(x) (1)



We have proved elsewhere thatK is a rational kernel and
that it can be computed efficiently [7]. There exists a simple
weighted transducerT that can be used to computedCL1(x)
for all n-gram sequencesx 2 �� [7]. Figure 2 shows that
transducer in the case of 4-gram sequences (n = 4) and for
the alphabet� = fa; bg. The general definition ofT is:T = (�� f�g)� (Xa2� fag � fag)n (�� f�g)� (2)

The kernelK can thus be written in terms of the weighted
transducerT as:K(L1; L2) = w[(L1 Æ (T Æ T�1) Æ L2)℄ (3)

wherew[T ℄ represents the sum of the weights of all paths
of T . This shows thatK is a rational kernel whose associ-
ated weighted transducer isT Æ T�1 and thus that it ispos-
itive definite symmetric(PDS), or equivalently that it veri-
fies Mercer’s condition [6]. This condition guarantees the
convergence to a global optimum of discriminant classifi-
cation algorithms such as SVMs.K can be further used
to construct other families of PDS kernels, e.g.,polynomial
kernelsof degreep defined by(K + a)p.

4.3. Experiments

For our experiments in the binary emotion classification task,
we used SVMs with rational kernels based on then-gram
kernels described in the previous section. For a givenn, ourn-gram kernelwas defined as the sum of thek-gram kernels,k = 1; : : : ; n. Since the sum of two PDS rational kernels is
a PDS rational kernel, ourn-gram kernels are PDS rational
kernels [6].

We first did experiments with the reference transcrip-
tions of the utterances andn-gram kernels of different or-
der combined with a second-degree polynomial. We then
appliedn-gram kernels to the word lattices output by the
recognizer, our best results were obtained withn = 4.

Table 4 gives the classification accuracy obtained in each
case over a test set of 448 utterances, mentioned in Sec-
tion 3. The results show that rational kernels applied on
word lattices (80:6%) can achieve the accuracies close to
that obtained from using the reference transcriptions (81:7%).

Some authors have defined and used task-dependent sets
of words,salient words, as features for classification [14].
We are not relying on the definition of a specific set of words

HMM-based classifiers on Cepstra76.8
SVM w/ rational kernels
on ref. word transcripts 81.7
SVM w/ rational kernels
on ASR word lattices 80.6

Table 4. Comparison of two classifiers on the task of bi-
nary emotion classification. The baseline HMM-based clas-
sifiers use acoustic features. SVMs with rational kernels are
applied to the word lattices output by the recognizer.
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Fig. 3. ROC curves for binary emotion classification (neg-
ative emotion vs. other) using SVMs with rational kernels
applied to reference word sequences and ASR word lattices.

and use as features alln-gram sequences. Using a subset of
the words may introduce a bias. Furthermore, the gener-
alization ability of SVMs does not suffer from the use of
higher-dimensional feature space. Our use of kernels also
helps preserve the computational complexity of our tech-
nique. Similar observations have been made in the case of
spoken-dialog classification where the large-margin classi-
fication techniques currently used are not anymore based on
salient words.

Figure 3 shows the Receiver Operating Characteristic
(ROC) curves, comparing rational kernels applied to refer-
ence transcriptions versus to word lattices. The curves plot
detection (true positive) versus false alarm (false positive).

Using the same framework, we observed that the spo-
ken words did not provide a significant gain in accuracy
over chance in classifying gender (72.6% vs.70.7%) into
two classes and age (53.1% vs. 48.1%) into three classes.
Dialect performed about as well as chance, indicating that
the words alone are not sufficient to identify the dialect of
the speaker. Perhaps, in a task-oriented dialog, there is lim-
ited choice of gender-, age- and dialect-specific words or
phrases. Pronunciations and prosodic variations may hold
more cues to identify a speaker’s dialect.

5. CONCLUSION

We examined two sources of information for identifying
speaker traits. The first corresponds more tohowthe speaker
spoke. For this, we presented the results of several ex-
periments using HMM-based classifiers to detect static or
dynamic traits such as the speaker’s gender, age, dialect,
or emotion. The second represents morewhat the speaker
specifically said. For this, we presented results using SVMs
with rational kernels applied to word lattices. This approach
performed3:8% better in the binary emotion classification
task over the HMM-based approach.

An interesting avenue for future work is to investigate
using both sources of information for classification. For ex-
ample, rational kernels, which provide a general framework



for discriminant classification, could be used with feature
sets augmented to contain both kinds of information. Other
features such as speaking rate and phone or word duration,
which have been found to be useful in previous studies and
are available only after a first pass decoding, could also be
incorporated into this framework.
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