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Abstract—This paper considers a learning framework for
speech emotion classification using a discriminant function based
on Gaussian mixture models (GMMs). The GMM parameter set
is estimated by margin scaling with a loss function to reduce the
risk of predicting emotions with high loss. Here, the loss function
is defined as a function of a distance metric using the Watson and
Tellegen’s emotion model. Margin scaling is known to have good
generalization ability and can be considered appropriate for emo-
tion modeling where the parameter set is likely to be over-fitted to
the training data set whose characteristics may differ from those
of the testing data set. Our learning framework is formulated as a
constrained optimization problem which is solved using semi-def-
inite programming. Three tasks were evaluated: acted emotion
classification, natural emotion classification, and cross database
emotion classification. In each task, four loss functions were eval-
uated. In all experiments, results consistently show that margin
scaling improves the classification accuracy over other learning
frameworks based on the maximum-likelihood, maximum mutual
information and max-margin framework without margin scaling.
Experiment results also show that margin scaling substantially
reduces the overall loss compared to the max-margin framework
without margin scaling.

Index Terms—Gaussian mixture models (GMMs), margin
scaling, speech emotion classification, Watson and Tellegen’s
model.

I. INTRODUCTION

T HERE has been growing research interest in the field of
human–computer intelligent interaction (HCII) [1]. Cur-

rently, such interactions when writing an e-mail, searching a
file, or running a utility do not involve any intelligence on the
part of the computer: a computer simply takes a user’s input
and displays characters, images, and videos corresponding to
the input. Unsatisfied with this type of interactions (computer
responding passively to a user’s input), many researchers are
looking into ways to interact in a more intelligent manner such
that a more friendly and intuitive interaction is possible. In HCII,
a computer is supposed to understand, cognize, and interpret a
user’s inherent intentions and take actions more intelligently,
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e.g., correcting the input to what a user intended, displaying ad-
ditional information by predicting a user’s need from the input
history and suggesting web contents related to a user’s prefer-
ence. Recognizing human emotional state could give way for
intelligent interaction. Certainly, understanding the emotional
state of others helps us to communicate with others more nat-
urally. For these reasons, recognizing and processing human
emotions have become important tasks in the HCII and affec-
tive computing [2], [3].

For various reasons, research in human emotion classification
is conducted mostly based on speech. There are various modal-
ities for emotion classification: facial expressions and speech
[4]–[6], gesture and body language [7], and bio information
such as electrocardiogram (ECG), electromyography (EMG),
electrodermal activity, skin temperature, galvanic resistance,
blood volume pulse (BVP), and respiration [8], [9]. Compared
to other modalities, speech is readily accessible: microphones
are more affordable and inexpensive than the ECG, EMG, and
BVP sensors and are less cumbersome to use. For this reason,
a wide range of HCII applications are based on speech emotion
classification. According to the user’s emotion, a service robot
takes appropriate actions, a media player changes music or
movie and a computer game controls the game status. An audio
response system of a call center detects customer’s emotion
and connects to an expert when the customer becomes angry.

Various results in speech emotion classification have been
reported [6], [10]–[17]. As emotional features, fundamental
frequency, log energy, mel-frequency cepstral coefficients
(MFCCs), zero-crossing rate, linear prediction coefficients
(LPCs), pitch, duration of voiced/unvoiced part and Teager
energy cepstrum coefficients are widely used. In [10]–[12],
feature selection algorithms such as sequential forward floating
selection and genetic algorithms have been proposed. In [13]
and [14], to improve the classification performance, jitter
and shimmer are added to MFCCs, and gender information
is used, respectively. In [15], various emotional features are
classified into groups, and the most relevant features from
different feature groups are selected for better understanding
of speaker-independent emotion classification. In [6] and [12],
various graphical models such as hidden Markov model (HMM)
and its variations were used to model speech emotion. In [16]
and [17], various classifiers such as support vector machine
(SVM) classifiers, HMM-based classifiers, linear discriminant
analysis, quadratic discriminant analysis, neural networks, and

-nearest neighbors were used to compare the performance of
the classifiers.

Almost all learning algorithms for modeling speech emotion
are liable to the over-fitting problem due to the limited database
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size: collecting many speech samples which cover all variations
is very expensive. As a result, the classification performance on
characteristics not included in the training data set may not be
satisfactory. To improve the classification accuracy, a speaker
adaptation algorithm [18] can be used for speakers not included
in the training data set; however, the model adapts to the emotion
of the speakers involved in the adaptation data and generally
does not yield speaker independency. For speaker-independent
emotion classification, various techniques [15], [19]–[21] have
been reported with good testing data performance.

This paper considers loss-scaled large margin Gaussian mix-
ture models (GMMs) for speaker-independent emotion classi-
fication. Each emotion is modeled using one GMM, and each
GMM parameter set is estimated by maximizing the margin
which is the minimum separation between the GMMs of the cor-
rect emotion and of other competing emotions. Here, the margin
is scaled according to a loss function (a measurement of recog-
nition accuracy). This learning framework is known as margin
scaling [22], [23]. The GMMs estimated by margin scaling can
provide good generalization ability [24], [25]; thus, it performs
well in emotion classification where there is substantial statis-
tical mismatch between training and testing data set due to the
difference in speakers and speaking styles. Also, margin scaling
can be easily applied to emotion modeling where the number of
emotions to classify is small: we do not need a method to reduce
the number of margin constraints in the learning framework.

We evaluate four loss functions in scaling the margin:
Hamming loss function and three loss functions based on the
Watson and Tellegen’s emotion model (WTM). The Hamming
loss function, defined as the number of mismatched labels,
is usually used in margin scaling [22], [26], [27]. In emotion
classification where an utterance is expressed with only one
emotion as opposed to a sequence of emotions, the Hamming
loss becomes the zero-one loss, and the margin is not scaled.
We define other loss functions using a distance metric between
two emotions based on the WTM [28]–[30] which describes an
emotion as two major coordinates: positive affect and negative
affect. To compare the performance, we use three loss functions
based on the distance metric: linear function, log function, and
exponential function to compare the classification performance
with different rate of increase in loss for the same distance. By
scaling the margin with the WTM-based loss, we can separate
the emotion which is very different from the correct emotion
and thus reduce the risk of misclassifying the emotion with
high loss.

We use the MFCCs, log energy, pitch, zero-crossing rate
and the corresponding delta and acceleration coefficients as
emotional features: the focus of this paper is in the under-
standing of the considered learning framework in emotion
classification, and does not investigate any feature selection
algorithms as suggested in [10], [12]. Thus, any performance
improvement will be mainly due to the learning framework.
To classify speech emotion, the maximum a posteriori (MAP)
criterion is used. In the experiment, we show that loss-scaled
large-margin GMMs obtained by margin scaling using the
Hamming loss function (MSH) and the margin scaling using
the linear (MSN), log (MSL), and exponential function (MSE)
based on the WTM outperform both GMMs estimated by the

maximum-likelihood (ML) and the maximum mutual infor-
mation (MMI) criteria. Compared to the MSH, MSN reduces
the classification error and the risk of misclassifying a very
different emotion. Also, three loss functions were compared
and analyzed. In our previous work [31], we observed that
the MSN improves the classification accuracy over the ML
and the MMI using the Berlin database of emotional speech
(EMO-DB). In this paper, we evaluate and analyze loss-scaled
large margin GMMs by performing three classification tasks:
acted emotion classification, natural emotion classification
and cross database classification. In acted emotion classifica-
tion, the EMO-DB, speech under simulated and actual stress
(SUSAS) and Danish emotional speech (DES) were used. We
chose these databases to see the effectiveness of the proposed
learning criterion with different training data size. In natural
emotion classification, Vera am Mittag German (VAM) data-
base including spontaneous speech was used. In cross database
classification, EMO-DB and SUSAS were used as training data
set, and DES was used as testing data set.

The outline of the paper is as follows. Section II introduces
emotion classification using GMM with two different conven-
tional training criteria. Section III describes margin scaling
based on the WTM. Section IV compares the performances
of considered learning framework to the learning frameworks
using conventional training criteria on three tasks. Section V
concludes and summarizes the paper.

II. BACKGROUND

A. Emotion Classification Using GMM

This paper uses GMM (single-state HMM) for emotion clas-
sification. In emotion classification, a label representing one
of emotions in is predicted from a given speech feature

where each element is in the -dimensional
vector space such that

(1)

where is a discriminant function which is
parameterized by . The feature vector is extracted from each
speech frame, . When using GMM, the conditional
distribution is the discriminant function, and the
decision criterion becomes the MAP decoding rule as

(2)

where is the prior probability of emotion . We assume
equal prior probability for all .

We also assume that an utterance is expressed with a single
emotion (not a sequence of different emotions). Thus, the
emotional statistics of does not change over time, and each
emotion is modeled using one GMM. The distribution of
Gaussian mixture components is expressed as

(3)
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where , , and are respectively the mixture weight, mean
vector and covariance matrix of the th Gaussian distribution
which is given by

The superscript denotes vector transpose. The parameter set
is the vector comprising mixture weights, mean vectors and co-
variance matrices for all GMMs, and the mixture weights satisfy
the following constraint:

(4)

Assuming is independent and identically distributed, we ex-
press the discriminant function as

(5)

B. Conventional Training Criteria for GMM: ML and MMI

In this section, we will briefly review two conventional
training criteria for GMM namely ML and MMI. The
training goal is to find using a set of input–output pairs

such that the decision criterion leads
to the minimum prediction error. The ML criterion finds by
maximizing the following objective function [32]:

(6)

The ML is the most widely used training criterion for GMM,
and is usually obtained using the Baum–Welch algorithm
[32]. However, it does not consider the relationship between
labels. The parameter set of is estimated only using the
corresponding input . Thus, it does not discriminate one
label from another.

The MMI criterion, also referred to as conditional maximum-
likelihood criterion, finds by maximizing the following objec-
tive function [33], [34]:

(7)

It maximizes the discriminant function used in the MAP de-
coding rule. The parameter set corresponding to label is
estimated by considering all other labels as in (7).
The MMI estimation can be implemented using the extended
Baum–Welch algorithm [35] or approximated MMI algorithm

[34]. The criterion attempts to minimize the prediction error on
the training data set. For this reason, the framework based on
the MMI criterion performs better than that based on the ML
criterion when there is considerable discrepancy between the
probabilistic model and the data [36].

C. Generalization Ability

In the cases where we have sufficiently large number of data
such that the statistical characteristics of training data set are
equivalent to those of the testing data set, the performance on
the testing data set is as good as that on the training data set.
However, given a small number of data, the statistical charac-
teristics of training data set may not match well with those of
testing data set. For example, due to the difference in speakers,
microphones and other environmental factors, there may be a
mismatch between training and testing data set. In such cases,
the model parameters are over-fitted to the training data set, and
the performance on the testing data set is poor even though the
performance on the training data set is good.

Margin scaling has better generalization ability on testing
data than the learning frameworks based on the ML and MMI
criteria when there is a mismatch between training and testing
data [24], [25]. Maximizing the margin leads to minimizing the
upper bound of the error on the testing data set [23]. As a result,
we obtain the parameter set with good classification accuracy
even when there is a mismatch between testing and training data
set.

III. MARGIN SCALING FOR EMOTION CLASSIFICATION

This section describes a method to estimate the GMM param-
eter set by margin scaling. Based on the Watson and Tellegen’s
model, a distance metric between emotions is defined, and the
loss is computed as a function of the distance metric.

A. Formulation

The learning framework based on the margin scaling finds
parameter set by maximizing the margin and simultaneously
minimizing the sum of the slack variables
such that the difference between the discriminant function
given the correct emotion and the discriminant function
given the incorrect emotion is greater than or equal
to for all [22], [23], [37]:

subject to

(8)

where

(9)

and is a loss function that quantifies the risk of clas-
sifying into given the correct label . The balance co-
efficient controls the tradeoff between the maximization of
the margin and the minimization of sum of slack variables. We
make the problem well-posed by restricting the -norm of to
be a positive constant [23].
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Fig. 1. The circle, rectangle, and triangle represent values of the discriminant
function given the correct label � , incorrect label � , and another incorrect
label � , respectively. The rectangle is separated from the circle by the separa-
tion margin � while the triangle is � closer to the circle. It is assumed that the
loss between � and � is greater than that between � and � . When � is
estimated by margin scaling, the rectangle with high loss is moved further away
from the circle than the triangle which has a lower loss.

The margin is scaled by to distance the discriminant
function of the correct label to be further away from that
of the label with high loss than that of the label with low loss.
This is illustrated in the Fig. 1. The discriminant functions of
true label and other two incorrect labels are denoted by circle,
rectangle, and triangle, respectively. Let the loss between circle
and rectangle be larger than that between circle and triangle. By
scaling the separation margin with a loss, the rectangle is placed
further away from the circle than the placement of the triangle
with respect to the circle. Thus, we reduce the risk of predicting
the rectangle which has high loss.

Collecting “infinite emotional data” such that there is no
mismatch between training and testing data (training data that
covers all variations in speech emotion) is very difficult. For
this reason, the model parameter set of an emotion model is
over-fitted to the speakers’ statistics in the training data set
whose characteristics may differ from other speaker charac-
teristics in the testing data set. Under this condition, margin
scaling performs well due to its good generalization ability
[24].

Also, margin scaling can be easily implemented. We do not
need to consider a method such as the sub-gradient method [38]
and the cutting-plane method [23] to reduce the number of con-
straints as in (8) since there are only a few number of emotions
to classify.

B. Loss Function for Emotion Recognition

To scale the margin, a loss function needs to be defined. Most
learning methods adopting margin scaling use the Hamming
loss [22], [26], [27] which is defined as the number of mis-
matched positions. In this paper, we assume that the utterance
is expressed with only one emotion. Then, the Hamming loss
becomes the zero-one loss: if , , and
otherwise, . Thus, if we use the Hamming loss,

for all constraints in (8). This means that the sep-
aration margin is not scaled with different values.

We consider another loss function based on the WTM
[28]–[30] illustrated in Fig. 2. The model shows a trait or
tendency of a person in expressing an emotion and assumes
that each emotion is a combination of two major coordinates:

positive affect and negative affect or strong engagement and
pleasantness. We choose positive affect and negative affect as
coordinates: e.g., happy is a combination of high positive and
low negative affect and sad is a combination of high negative
affect and low positive affect. Using the WTM, we consider
a distance between emotions: e.g., happy (mixture of high
positive and low negative) is further away from sad (mixture
of low positive and high negative) than surprised (mixture
of high positive and high negative). In [28], a measurement
of the positive and negative affectivity for each emotion is
evaluated by a self-report. In this paper, a simple measurement
of the positive and negative affectivity for each emotion is
defined. As illustrated in the Fig. 2, we define eight emotion
groups assign a measurement for
each group. The measurement of positive affectivity and the
measurement of negative affectivity are denoted by and ,
respectively. Table I shows the measurement for each emotion
group. For example, all emotions in the G2 are represented by
(0.5,0.5). Using the measurement, we define a distance metric
between and as where is the
measurement of , is the measurement of , and is
the -norm of a vector. Finally, we define three loss functions
using the distance metric

(10)

(11)

(12)

where and are real-valued constants. To scale the separation
margin and also to compare the performance, we use the above
loss functions which yield different loss values for the same
distance difference.

C. Implementation

We optimize the problem (8) using a semi-definite program-
ming (SDP) solver. In [39] and [40], the optimization problem
of large-margin HMM for the separable case is solved using the
DSDP [41] which is a SDP solver. Based on the procedure in
[39], we express the optimization problem of margin scaling as a
SDP. For simplicity, we only estimate the mean vector of GMM:
i.e., the mixture weight and covariance matrix are obtained by
the ML estimation. The detail implementation procedure is de-
scribed in the Appendix.1

IV. EXPERIMENT

We conducted experiments using the EMO-DB [42], SUSAS
[43], DES [44], and VAM [45]. Emotion feature vectors were
extracted from speech frames: the frame size and rate was set
to 25 and 10 ms, respectively. A feature vector consisting of 12
MFCCs, log energy and the corresponding delta and accelera-
tion coefficients was used. In the cross database experiment, we
also used pitch and zero crossing rate. Each emotion was mod-
eled by one GMM with different number of Gaussian mixture

1An implemented code of the proposed learning algorithm is available in
http://slsp.kaist.ac.kr/xe/software.
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Fig. 2. Watson and Tellegen’s model (WTM). It shows the trait or tendency of a person in expressing an emotion. Emotions are classified into eight groups:
������ � � � ���. The model assumes each emotion is a combination of two major coordinates: positive affect and negative affect or strong engagement and
pleasantness.

TABLE I
MEASUREMENT OF POSITIVE AND NEGATIVE AFFECTIVITY

FOR EACH EMOTION GROUP

components. A diagonal covariance matrix rather than a full co-
variance matrix is used for three reasons. First, the MFCCs are
considered uncorrelated [46], [47]. Second, a small training data
size can lead to inaccurate estimate of the full covariance matrix
[32], [48]: the covariance estimate can be over-fitted to the small
training data leading to performance degradation. Finally, for a

-dimensional feature vector, the computational complexity of
estimating the diagonal covariance matrix of feature vector is re-
duced by a factor : a full covariance matrix has
parameters while a diagonal covariance matrix has parame-
ters. Thus, we can approximate a full covariance matrix to a di-
agonal covariance matrix. We increase the number of Gaussian
mixture components until no more improvement is observed. If
we use a too large number of Gaussian mixture components,
over-fitting occurs due to the large number of parameters com-
pared to the limited number of training data.

The database was split into three data sets: training data set,
testing data set, and development data set. Using the training
data set, we obtained six different model parameter sets for per-
formance comparisons. First, the baseline model was obtained
by the ML estimation [32] using HTK 3.2 [49]. Based on the ML
models, model parameter set was updated by the MMI estima-
tion [34], MSH, MSN, MSL, and MSE. Given the preset value
range, , , and ,
the preset values were determined based on best performance
using the development data set. Finally, speech segments were
classified by (2) using the testing data set.

A. EMO-DB

The EMO-DB was collected from five male and female
German actors expressing seven emotions: anger, disgust, fear,
sadness, boredom, neutral, and happiness. Each actor produced
ten utterances: five short and five long sentences. The database
is comprised of 800 utterances: seven emotions ten actors
ten sentences some second versions. A perception test using
20 subjects was performed in [42], and 494 utterances which
are judged as natural by more than 60% human listeners and can
be classified correctly more than 80% accuracy were chosen
for the experiment.

The database was equally split into five folds. Let be
the th speaker’s data. EMO-DB contains ten speakers (male
speakers: and female speakers ), and each
fold holds the following pair of speakers’ data: Fold 1- ,
Fold 2- , Fold 3- , Fold 4- , and Fold
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TABLE II
AVERAGE ACCURACY(%) OF CORRECT CLASSIFICATION ON THE TESTING DATA SET OF THE EMO-DB

5- . Four folds (four male and four female speakers’
data) were used as the training data set. Remaining one fold
(one male and one female speaker’s data) was used as testing
and development data sets. There are two ways to divide the
remaining one fold (two speakers’ data) into testing data set
(one speaker’s data) and the development data set (the other one
speaker’s data). In each experiment, we consider both ways.
The training, testing, and development data set were completely
disjoint. Ten experiments based on 5 2 possible combinations
were performed with different folds for the training, testing and
development data set, and the average results across all trials
were computed.

Seven emotions of the EMO-DB were assigned to one of eight
groups as in Fig. 2: anger (A) to G3, disgust (D) to G3, fear (F)
to G3, sadness (S) to G4, boredom (B) to G5, neutral (N) to G7
and happiness (H) to G8. Although anger and disgust are not
displayed in the Fig. 2, we assumed that they have high negative
affectivity: in other words, anger and disgust were considered
in G3. Then, we computed the distance metric and loss function
between emotions.

The average classification accuracy of each training method
for different number of Gaussian mixture components is sum-
marized in Table II. For one-Gaussian mixture component, the
accuracy on the testing data set was 44.55% in the ML estima-
tion. However, the accuracy on the training data set using the
same ML model was 52.94%. The large difference in accuracy
between two data sets is mainly due to the small number of
training utterances and large difference in speaker characteris-
tics: characteristics between female and male speakers are quite
different, and for each speaker, we have about seven utterances
per emotion. In this situation, the max-margin framework per-
forms better than other frameworks. For one-Gaussian mixture
component, the MSH and MSN yielded, respectively, 29.88%
and 43.19% relative performance improvements from the ML
while the MMI yielded 16.00% relative performance improve-
ment. Also, for other mixture components, Table II shows that
the MSH and MSN yield better result than the ML and MMI. It
means that the MSH and MSN produce less speaker-dependent
models and thus have better generalization ability than the ML
and MMI. Also, the MSN considerably improves the classi-
fication accuracy over the MSH. As the number of Gaussian
mixture components increases, the classification accuracy also
increases. The highest accuracy of 87.80% (higher than the
result in [50]) was obtained using the MSN with 32-mixture
components.

We computed the confusion matrix which shows the classi-
fication accuracies between emotions where the first column
indicates the true emotion labels that a speaker expressed,

TABLE III
CONFUSION MATRIX BETWEEN SEVEN EMOTIONS OF THE EMO-DB USING

THE MSH MODEL FOR 32-GAUSSIAN MIXTURE COMPONENTS

TABLE IV
CONFUSION MATRIX BETWEEN SEVEN EMOTIONS OF THE EMO-DB USING

THE MSN MODEL FOR 32-GAUSSIAN MIXTURE COMPONENTS

and the first row indicates various emotion labels recognized.
The confusion matrices of the EMO-DB using the MSH and
MSN model for 32-Gaussian mixture components are shown
in Table III and Table IV, respectively. Table IV shows that
the classification accuracy of anger, disgust, sadness, boredom,
and neutral are over 90%. We can see the effect of the margin
scaling from these two confusion matrices. For example, given
the emotion fear (in G3), the loss of neutral (in G7) is higher
than that of anger (in G3) or boredom (in G5). Thus, given
the true emotion fear, the rate of predicting neutral is further
reduced (42.42% 36.37%) than that of predicting boredom
(18.18% 15.15%) or anger (6.07% 3.03%) as shown in
Table III and IV. For other emotion pairs, for example, the
classification error of sadness (in G4) given boredom (in G5)
is more reduced than that of fear (in G3) given happiness (in
G8) since the classification error of boredom is less than that
of happiness.

Overall, using (10) for all testing data, we observed that the
MSN yields 24.63% relative loss reduction2 from the MSH for
32-mixture components. This means that we could greatly re-
duce the overall loss in the EMO-DB by reducing the risk of
predicting the label with high loss more than the label with low
loss.

2Relative loss reduction is computed by (previous loss value—reduced loss
value)/previous loss value.
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TABLE V
AVERAGE ACCURACY(%) OF CORRECT CLASSIFICATION ON THE TESTING DATA SET OF THE SUSAS

We compared the accuracy obtained by three loss functions.
In all Gaussian mixture components (except the two-Gaussian
mixture components), MSN outperformed MSL and MSE.
Also, MSL outperformed MSE. In the EMO-DB, seven emo-
tions were well separated when the linear loss function was
used. The exponential loss function leads to loss values that
are too large for small distance difference, and large margin
between two emotions was not observed (leading to smaller
performance improvement compared to the MSN).

B. SUSAS

The SUSAS was created by the Robust Speech Processing
Laboratory at the University of Colorado–Boulder. The data-
base is partitioned into two conditions: actual and simulated.
The utterances in the actual condition were not used: we
consider only acted or simulated emotion. The simulated utter-
ances were collected from nine male speakers expressing eleven
speaking styles: angry, clear, cond50, cond70, fast, Lombard,
loud, neutral, question, slow, and soft. Each speaker produced
two utterances for 35 words per speaking style. The number
of all utterances was 3150. We only selected five of the eleven
speaking styles which can be mapped to the WTM: angry,
clear, cond50, loud, and soft. Fast, Lombard, question and slow
were not considered to be related to emotional expression. Soft
and neutral are almost identical in speaking style (identical
emotion), and only soft was included in the experiment.

The database was equally split into three folds. Let
be the th speaker’s data. SUSAS contains nine speakers
(male speakers: ), and each fold holds the following
speakers’ data: Fold 1- , Fold 2- , and Fold
3- . Two folds (six speakers’ data) were used as the
training data set. Remaining one fold (three speakers’ data) was
used as testing and development data sets. There are three ways
to divide the remaining fold (three speakers’ data) into testing
data set (two speakers’ data) and the development data set (the
other one speaker’s data). In each experiment, we consider
three ways. The training, testing, and development data set
were completely disjoint. Nine experiments based on 3 3
possible combinations were performed with different folds for
the training, testing and development data set, and the average
results across all trials were computed.

Five speaking styles of the SUSAS were assigned to one of
eight groups: angry(A) to G3, clear(C) to G1, cond50(Co) to
G3, loud(L) to G1, and soft(So) to G6. Although clear, cond50,
loud, and soft are not displayed in the Fig. 2, we assumed that
they have, respectively, high positive affectivity, high negative
affectivity, high positive affectivity, and high disengagement: in

TABLE VI
CONFUSION MATRIX BETWEEN FIVE SPEAKING STYLES OF THE SUSAS USING

THE MSH MODEL FOR 32-GAUSSIAN MIXTURE COMPONENTS

TABLE VII
CONFUSION MATRIX BETWEEN FIVE SPEAKING STYLES OF THE SUSAS USING

THE MSN MODEL FOR 32-GAUSSIAN MIXTURE COMPONENTS

other words, clear, cond50, loud, and soft were considered in
G1, G3, G1, and G6.

The average classification accuracy of each training method
for different number of Gaussian mixture components is sum-
marized in Table V. For one-Gaussian mixture component, the
accuracy on the testing data set was 53.68% in the ML estima-
tion. In this case, the accuracy on the training data set using
the same ML model was 54.11%. The small difference in accu-
racy between two data sets is mainly due to the large number
of training utterances and small difference in speaker character-
istics: there are only male speakers in the SUSAS. In this sit-
uation, the MMI can yield better result, and the performance
improvement of the MSH and MSN is less than that in the
EMO-DB. For one-Gaussian mixture component, the accuracy
of the MMI is better than that of the MSH and MSN: the MMI
yielded 2% relative performance improvement from the ML
while the MSH and MSN yielded 0.3% and 0.5% relative perfor-
mance improvements. For other mixture components, the MSH
and MSN yields slightly better result than the MMI. The im-
provements of the MSH and MSN over the ML and MMI are
not considerable compared to those in the EMO-DB. This means
that the over-fitting is not considerable in the SUSAS. Also, in
this case, the MSN improves the classification accuracy over
the MSH. As the number of Gaussian mixture components in-
creases, the classification accuracy also increases. The highest
accuracy of 73.78% (higher than the result in [50]) was obtained
using the MSL with 32-mixture components.

The confusion matrices of the SUSAS using the MSH and
MSN model for 32-Gaussian mixture components are shown in
Table VI and Table VII, respectively. Table VII shows that the
classification accuracy of cond50, loud, and soft are over 75%.



592 IEEE TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING, VOL. 20, NO. 2, FEBRUARY 2012

TABLE VIII
AVERAGE ACCURACY(%) OF CORRECT CLASSIFICATION ON THE TESTING DATA SET OF THE DES

We can see the effect of the margin scaling from these two
confusion matrices. For example, given the cond50 (in G3),
the loss of soft (in G6) is higher than that of clear (in G1) or
loud (in G1). Thus, given the cond50, the rate of predicting soft
is further reduced (6.83% 5.40%) while that of predicting
clear (10.79% 11.75%) or loud (1.59% 1.90%) increases as
shown in Table VI and VII. Overall, using (10) for all testing
data, we observed that the MSN yields 2.85% relative loss
reduction from the MSH for 32-mixture components. In the
SUSAS, we could slightly reduce the overall loss.

We compared the accuracy obtained by three loss functions.
In all Gaussian mixture components (except the 1-Gaussian
mixture component), MSL outperformed MSN and MSE, and
MSN outperformed MSE. In the SUSAS, five speaking styles
were well separated when the log loss function was used. The
log loss function leads to small loss value given small distance
difference, and we see that a small margin scaled by the log
loss function is effective in the SUSAS.

C. DES

The DES was collected from two male and female actors ex-
pressing five emotions: anger, happiness, neutral, sadness, and
surprise. Each speaker produced 13 utterances for each emo-
tion: two single words, nine sentences and two passages of fluent
speech. Additionally, 81 target utterances with neutral emotion
were recorded. The database is comprised of 341 utterances: 175
from female speakers and 166 from male speakers.

The database was equally split into four folds. Let be the
th speaker’s data. DES contains four speakers (male speakers:

and female speakers ), and each fold holds the fol-
lowing speakers’ data: Fold 1- , Fold 2- , Fold 3- ,
and Fold 4- . Two folds (one male and one female speaker’s
data) were used as training data set, and the remaining two folds
(one male and one female speaker’s data) were used as testing
and development data sets. There are two ways to divide the
remaining one fold (two speakers’ data) into testing data set
(one speaker’s data) and the development data set (the other one
speaker’s data). In each experiment, we consider both ways. The
training, testing, and development data set were completely dis-
joint. Eight experiments based on 4 2 possible combinations
were performed with different folds for the training, testing and
development data set, and the average results across all trials
were computed.

Five emotions of the DES were assigned to one of eight
groups: anger(A) to G3, happiness(H) to G8, neutral(N) to G7,
sadness(S) to G4, and surprise(Su) to G2.

The average classification accuracy of each training method
for different number of Gaussian mixture components is sum-
marized in Table VIII. For one-Gaussian mixture component,
the accuracy on the testing data set was 26.40% in the ML esti-
mation. However, the accuracy on the training data set using the

TABLE IX
CONFUSION MATRIX BETWEEN FIVE EMOTIONS OF THE DES USING

THE MSH MODEL FOR FOUR-GAUSSIAN MIXTURE COMPONENTS

TABLE X
CONFUSION MATRIX BETWEEN FIVE EMOTIONS OF THE DES USING

THE MSN MODEL FOR FOUR-GAUSSIAN MIXTURE COMPONENTS

same ML model was 59.93%. The large difference in accuracy
between two data sets is mainly due to the small number of
training utterances and large difference in speaker characteris-
tics. For one-Gaussian mixture component, the MSH and MSN
yielded respectively 35.68% and 56.86% relative performance
improvements from the ML while the MMI yielded 11.93%
relative performance improvement. The relative performance
improvement is much larger than that in the EMO-DB and
SUSAS due to the large difference in accuracy between two
data sets. Also, for other mixture components, Table VIII shows
that the MSH and MSN yield better result than the ML and
MMI. Also, the MSN improves the classification accuracy over
the MSH. As the number of Gaussian mixture components in-
creases, the classification accuracy also increases. We increased
the number of Gaussian mixture component only up to four due
to the small number of training data. The highest accuracy of
67.60% (higher than the result in [50] was obtained using the
MSN with four-mixture components.

The confusion matrices of the DES using the MSH and MSN
model for four-Gaussian mixture components are shown in
Table IX and Table X, respectively. Table X shows that only
neutral is well classified. We can see the effect of the margin
scaling from these two confusion matrices. For example, given
the anger (in G3), the loss of neutral (in G7) and happiness (in
G8) are higher than that of surprised (in G2). Thus, given the
anger, the rate of predicting neutral and happiness are further
reduced (19.23% 13.46% and 9.62% 3.85%) while that of
predicting surprised increases (13.46% 19.23%) as shown
in Table IX and X. Overall, using (10) for all testing data, we
observed that the MSN yields 6.96% relative loss reduction
from the MSH for four-mixture components. Also, we could
reduce the overall loss in the DES. The relative loss reduction
in the DES is much smaller than that in the EMO-DB. This
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TABLE XI
AVERAGE ACCURACY(%) OF BINARY EMOTION CLASSIFICATION ON THE TESTING DATA SET OF THE VAM

TABLE XII
AVERAGE ACCURACY(%) OF SIX-CLASS EMOTION CLASSIFICATION ON THE TESTING DATA SET OF THE VAM

is due to the high classification error between emotions. As
shown in Table III, most emotions were well classified (except
fear) in the EMO-DB while not in the DES.

We compared the accuracy obtained by three loss functions.
In all Gaussian mixture components, MSN outperformed MSL
and MSE, and MSE outperformed MSL. In the DES, five emo-
tions were well separated when the linear loss function was
used, and also it was observed that large margin scaled by the
exponential loss function is effective in the DES.

D. VAM

The VAM database contains audio-visual data which were
collected from the German TV show. We only used the audio
part which consists of data from 47 speakers (11 male and 36
female, 947 utterances), and each utterance was evaluated in
terms of the emotion primitives (valence, activation, and dom-
inance) by 17 human listeners [45]. We performed two experi-
ments: binary emotion classification and six-class emotion clas-
sification. In the binary emotion classification, to compare with
the results in [51], we use the same experimental setup such that
the database is divided using the merged evaluation results using
the evaluator weighted estimator described in [52] and [53]. If
the merged valence is between 0.25 and 0.25, the data were
labeled as EMO class (grouping all the non neutral emotion
states), and if the merged valence is greater than 0.25 or less
then 0.25, the data were labeled as IDL class (consisting of
neutral or neutral-like emotion states).

In addition, we performed six-class emotion classification.
We divided the database into six emotions by k-means clustering
using the three dimensional emotion primitives: valence, activa-
tion, and dominance.

The database was split such that 47 speakers’ data were ran-
domly assigned into three data sets. The training, testing, and de-
velopment data set were completely disjoint: 28 speakers were
used as training data set, 14 speakers were used as testing data
set and 5 speakers were used as development data set. Eight ex-
periments were performed with different speakers’ data for the
training, testing and development data set, and the average re-
sults across all trials were computed.

Emotions of the VAM were assigned to one of eight groups. In
the binary emotion classifications, EMO to G1 and IDL to G5.
In the six-class emotion classifications, each emotion, EMO1,

, EMO6, was, respectively, assigned to the group G3, G1,
G1, G1, G7, and G4 such that the measurement value of the

TABLE XIII
CONFUSION MATRIX BETWEEN SIX EMOTIONS OF THE VAM USING

THE MSH MODEL FOR FOUR-GAUSSIAN MIXTURE COMPONENTS

TABLE XIV
CONFUSION MATRIX BETWEEN SIX EMOTIONS OF THE VAM USING

THE MSN MODEL FOR FOUR-GAUSSIAN MIXTURE COMPONENTS

group is the nearest to the center value (valence, activation) of
the corresponding emotion cluster.

The average classification accuracy of each training method
for different number of Gaussian mixture components is sum-
marized in Table XI and Table XII. For one-Gaussian mixture
component in the binary emotion classification, the MSH and
MSN yielded, respectively, 6.09% and 10.24% relative per-
formance improvements from the ML while the MMI yielded
5.11% relative performance improvement. For one-Gaussian
mixture component in the six-class emotion classification, the
MSH and MSN yielded respectively 6.54% and 9.14% rela-
tive performance improvements from the ML while the MMI
yielded 3.28% relative performance improvement. We obtained
that binary emotion classification yields better accuracy than
six-class emotion classification since binary emotion classifica-
tion has less number of competing labels than six-class emotion
classification, and thus, the separation margin obtained in the
binary classification is generally going to be larger than the
margin obtained in the six-class emotion classification. Also,
for other mixture components, Table XI and Table XII shows
that the MSH and MSN yield better result than the ML and
MMI. Also, the MSN improves the classification accuracy over
the MSH. As the number of Gaussian mixture components
increases, the classification accuracy also increases. We in-
creased the number of Gaussian mixture component only up
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TABLE XV
AVERAGE ACCURACY(%) OF CROSS-DB EMOTION CLASSIFICATION

to four since no remarkable performance improvement was
observed for larger Gaussian mixture component. The highest
accuracy of 68.23% (higher than the result in [51]) and 38.54%
was obtained using the MSN with four-mixture components
in the binary emotion classification and six-class emotion
classification respectively.

The confusion matrices of the VAM using the MSH and MSN
model given four-Gaussian mixture components for six-class
emotion classification are shown in Table XIII and Table XIV,
respectively. We can see the effect of the margin scaling from
these two confusion matrices. For example, given EMO1 (in
G3), the loss of EMO5 (in G7) are higher than that of EMO3
(in G1). Thus, given the EMO1, the rate of predicting EMO5
is further reduced (22.05% 6.78%) while that of predicting
EMO3 decreases (5.08% 3.39%) as shown in Table XIII and
XIV. Overall, using (10) for all testing data, we observed that
the MSN yields 6.35% relative loss reduction from the MSH
for four-mixture components. Also, we could reduce the overall
loss in the VAM.

We compared the accuracy obtained by three loss functions.
In all Gaussian mixture components, MSN outperformed MSL
and MSE, and MSL outperformed MSE. In the VAM, emotion
models were well separated when the linear loss function was
used.

E. Cross Database Experiment

In this section, we perform cross database experiment to
show the generalization ability in the acoustically different
environment: training using EMO-DB+SUSAS and testing
using DES. In our experiments, We chose three overlapping
emotions: happy, sad, and neutral. We extract and combine
emotional features such as MFCCs, pitch, log energy and
zero crossing rate. We use a 78-dimensional feature vector:
12 MFCCs, 12 pitches, log energy, zero crossing rate and
corresponding delta and acceleration coefficients.

The average classification accuracy of each training method
for different number of Gaussian mixture components is sum-
marized in Table XV. For one-Gaussian mixture component,
the MSH and MSN yielded respectively 15.46% and 19.84%
relative performance improvements from the ML while the
MMI yielded 7.22% relative performance improvement. Also,
for other mixture components, Table XV shows that the MSH
and MSN yield better result than the ML and MMI. Also, the
MSN improves the classification accuracy over the MSH. As
the number of Gaussian mixture components increases, the
classification accuracy also increases. The highest accuracy of
51.28% (which is comparable to the result in [50]) was obtained
using the MSN with 32-mixture components.

We compared the accuracy obtained by three loss functions.
In all Gaussian mixture components, MSN outperformed MSL
and MSE, and MSL outperformed MSE. In the cross database
experiment, three emotions were well separated when the linear
loss function was used.

V. CONCLUSION

We presented loss-scaled large margin GMMs for speech
emotion classification. In the learning framework, the margin is
scaled by the Hamming loss function and three loss functions
using WTM-based distance metric. Margin scaling is known to
have good generalization ability especially when over-fitting
occurs due to the small size of the database as in the case for
emotion modeling. We defined a distance metric based on the
WTM, and the loss function was computed by a function of the
distance metric. We used the MFCCs, log energy, pitch, and
zero crossing rate and the corresponding delta and acceleration
coefficients as emotional features. Each emotion was modeled
using a GMM, and the GMM parameter set was estimated
by six different learning criteria: the ML, MMI, MSH, MSN,
MSL, and MSE.

All experiments including cross database experiment were
conducted using the EMO-DB, SUSAS, DES, and VAM. In the
experiments, we observed that the MSH and MSN have better
generalization ability and yield less speaker-dependent models
than the ML and MMI. In the EMO-DB and DES experiments,
the MSH and MSN considerably improved the classification ac-
curacy over the ML and MMI. Also, the MSN reduced the clas-
sification error and the risk of misclassifying into the emotions
with high loss more than the MSH. However, in the SUSAS ex-
periments, the MSH and MSN slightly improved the classifi-
cation accuracy over the ML and MMI due to the small differ-
ence in speaker characteristics between training and testing data
set. Still, the MSN reduced the risk of misclassifying into the
emotions with high loss more than the MSH. Using the VAM,
we performed two experiments: 1) binary emotion classification
using only the valence value and 2) six-class emotion classifi-
cation by k-means clustering using three dimensional primitives
that include valence, activation, and dominance. Again, we ob-
served that our learning framework is effective in improving
the classification accuracy. The improvement from the base-
line ML model is more effective in the binary emotion classi-
fication than in the six-class emotion classification. This is due
to the fact that in binary emotion classification there are only
one competing label in obtaining the separation margin as op-
posed to five in the six-class classification, and therefore, the
separation margin obtained in the binary classification is gener-
ally going to be larger than the margin obtained in the six-class
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emotion classification. In cross database experiment, we used
EMO-DB+SUSAS as training data set and DES as testing data
set. Given testing data set that is “acoustically different” (not
only different in speakers but also in microphones and recording
conditions) from the training data set, our learning framework
also showed improvements in classification accuracy compared
to other learning frameworks. In summary, the effect of the
learning framework of margin scaling is remarkable in the cases
where the parameter over-fitting is considerable due to the small
number of data and large difference in speaker characteristics.

In this paper, we used utterances expressed with one emotion
(not a sequence of different emotions) in the experiments and
observed that the loss functions based on the WTM are more
effective than the Hamming loss function in reducing the risk of
misclassifying into the emotions which are very different from
the true emotion.

APPENDIX

IMPLEMENTATION PROCEDURE FOR MARGIN

SCALING USING THE SDP

In this section, we describe a procedure for solving the con-
strained optimization problem (8) using the SDP. In [40], a max-
margin framework for separable case was expressed as a SDP.
Based on the procedure, we extend it to the margin scaling case.
The SDP is an optimization problem to find a symmetric pos-
itive semi-definite matrix such that a linear
objective function is minimized under linear constraints [41]:

subject to (13)

where and are symmetric matrices, and is real scalar.
We define the inner product of and as

(14)

where is the matrix trace operator.
The objective is expressing the optimization problem (8) as a

SDP problem (13). We explain the SDP expression of the opti-
mization problem by seven steps.

1) Approximation of the discriminant function: we approxi-
mate the discriminant function by choosing the dominant
mixture component.

2) Expression of the approximated discriminant function as a
sum of traces of two matrices: we express the approximated
discriminant function as a sum of traces of two matrices.

3) Expression of the approximated discriminant function as
a sum of inner products of two symmetric matrices: we
express the discriminant function as the form in (14).

4) Expression of the inequality constraint as a equality con-
straint by introducing slack variables: the SDP can solve
the inequality-constrained problem by changing the in-
equality constraint into an equality constraint with a slack
variable.

5) Expression of the -norm restriction of : we express the
-norm restriction of as the form in (14).

6) Expression of the proposed formulation: the proposed op-
timization problem is expressed as the SDP.

7) Additional constraints: we explain the additional con-
straints for solving the proposed criterion by the SDP.

In the following, we will explain each step in more detail.
1) Approximation of the Discriminant Function: We approx-

imate the sum of mixture components by the “Viterbi” approx-
imation [40], [54]: choosing a dominant one as

(15)

where , , and are the mixture weight, mean vector,
and covariance matrix of index of th Gaussian mixture com-
ponent for , respectively, and , , and are the mix-
ture weight, mean vector, and covariance matrix of the domi-
nant mixture component at , respectively, and is the feature
vector of th frame for .

We can also approximate the discriminant function
for :

where is used for the dominant mixture component at given
.

2) Expression of the Approximated Discriminant Function as
a Sum of Traces of Two Matrices: The right-hand side of above
equation can be expressed as

(16)

where , and are, respectively, th element of the
vector , th element of the vector , and th diagonal ele-
ment of the matrix , and

We define two vectors: let and be
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Then,

(17)

where

(18)

(19)

and is -dimensional identity matrix.
3) Expression of the Approximated Discriminant Function

as a Sum of Inner Products of Two Symmetric Matrices: Let
be the set of all Gaussian mixture components for all labels.

We have since there are mixture components
for all labels . Let . Then, the dominant
mixture component index is in , and is the
mean vector of one elements in . Thus, the summation in (17)
can be expressed as

(20)

where

From (17) and (20), the discriminant function and the con-
straints in (8) are approximately

(21)

and

(22)

4) Expression of the Inequality Constraint as a Equality Con-
straint by Introducing Slack Variables: The above inequality
constraint can be converted into the equality constraint by in-
troducing an additional positive slack variable as

(23)
5) Expression of the -Norm Restriction of : In the

proposed formulation, we restrict the -norm of to , or
equivalently . The parameter set includes only

for since we consider estimating only mean
vectors of Gaussian mixture components. Thus,

(24)

where

(25)

for .
6) Expression of the Proposed Formulation: From (22), (24)

and (25), the constrained optimization problem in (8) can be
expressed as

subject to

(26)

where

(27)

(28)

for and .
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7) Additional Constraints: The matrices, , and ,
are diagonal matrices

(29)

(30)

(31)

where has zero elements except that the th element is 1.
Remaining matrices, , and are, respectively,
the zero matrix, diagonal matrix with elements , and the zero
matrix except that the element at the corresponding position of

is 1 so that . The matrix is introduced
for the constraint where the element of the first diagonal element
of is 1 as in (19). Thus,

at the first diagonal element
anywhere else

(32)

for . Otherwise, is zero matrix. Remaining constraint
on is

(33)

where must be . Since the constraint is not linear, we
relax it such that

(34)

by the property [55] that

(35)

where denotes that is a positive semi-definite matrix.
As shown in (26), we express (8) as a SDP. Then, can be

obtained using the DSDP which is a solver for SDP and update
the mean vector of GMM parameter set from (the first
row of ).
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