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ABSTRACT

One of the largest challenges in speaker recognition is
dealing with speaker-emotion variability = problem.
Nowadays, compensation techniques are the main solutions
to this problem. In these methods, all kinds of speakers’
emotion speech should be elicited thus it is not user-friendly
in the application. Therefore the basic problem is how to get
the distribution of speakers’ emotion speech and how to
train emotion GMM from their natural speech. This paper
presents a natural-emotion GMM transformation algorithm
to train users’ emotion model to overcome this problem.
The algorithm can convert natural GMM to emotion GMM
based on an emotion database. It only needs speakers’
natural speech and needn’t to align the natural utterances
with the emotion utterances. The performance evaluation is
carried on the MASC database. The promising result is
achieved compared to the traditional speaker verification.
Index Terms: speaker verification, emotion speech

1. INTRODUCTION

The performance of speaker verification system is mainly
affected by background noise, channel effect and speaker-
emotion variability. In speaker recognition, speaker-emotion
variability means the emotion states mismatch between the
training speech and the testing speech, and such kind of
recognition is called emotional speaker recognition in this
paper. Different emotion states will affect speech
production mechanism of a speaker in different ways, thus
lead to acoustical changes in his/her speech [3]. These
changes can induce intra-speaker vocal variability, which
might aggravate the recognition performance.

Compensation techniques are the most -effective
methods in the emotional speaker recognition. Scherer[6]
presented the structured training approach which aims at
making the system become familiar with the emotion
variation of the user’s voice. However, it is unfriendly in
many applications to ask the registered users to provide
emotional reading speech. When the system can only obtain

' This work is supported by the following foundings:
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users’ natural speech, it is hard to train a speaker model that
describes the distribution of emotion speech space exactly.
Three layers in speaker recognition can be considered to
overcome this limitation: feature layer, decision layer and
model layer. In the feature layer, feature modification
rules[2] are developed to convert neutral features to emotion
features which are used to train the emotion model. In the
decision layer, an emotion-dependent score normalization
method[5] derived from H-norm is proposed to alleviate the
effect of speaker-emotion variability. As to the third layer,
few researches have been carried on it.

In this paper, an emotion GMM training algorithm is
developed to convert the natural GMM to the emotion
GMM. We call it the natural-emotion GMM transformation
algorithm(NEGT). In this algorithm, the emotion GMMs are
trained from their natural GMMs, so only the users’ natural
speech is necessary. It based on the assumption that if two
speakers’ natural speech space has the familiar distribution,
so does their emotion speech space, especially when they
enjoy the same culture. Experimental results on MASC
show this algorithm improves the performance of the
emotional speaker verification and the trained model can
describe the emotion space in a certain way.

The remainder of this paper is organized as follows. In
Section 2, the process of natural-emotion GMM
transformation is presented. In Section 3, we introduce the
deducting process of the algorithm in detail. The different
experiments comparison and result discussion are presented
in Section 4. Conclusions are drawn in Section 5.

2. NATURAL-EMOTION GMM TRANSFORMATION

The Gaussian mixture model(GMM) is the most suitable
model for describing the distribution of speaker space. It has
been the state-of-the-art model for speaker recognition[1]. It
is a weighted sum of nc component densities and given by
the equation:

G(x):iwigi(ui,zi,x) (1)
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Figure 1. The sketch of the natural-emotion GMM transformation algorithm.

where x is a D-dimensional vector, w is the mixture
weights and g is the D-variate Gaussian component with the

mean vector g and covariance matrix ¥. In the following,

the distributions of natural and emotion speech space are all
described by GMMs.

If emotion speech can be collected, the expectation-
maximization(EM) is the best algorithm to train emotion
GMM. If only natural speech can be collected, the natural
GMM is trained by EM at first, and then it is converted to
emotion GMM by NEGT algorithm. The brief process of
the algorithm is shown in Figure 1. The inputs are G' and E,
which stands for speaker’s natural speech model and
emotion database respectively. The output is the new
emotion model M' .

The emotion database is built using lots of speakers’
speech. It is a 2-tuple set of GMMs and is defined:
E={<G,M, >|i=1,2..n} , where n is the number of
elements in the set. The M, a GMM trained by EM from the
emotion speech, describes the distribution of emotion
speech and G stands for the natural speech. With the same
subscript i, M and G are the model of the same speaker and
have the same order nc.

The natural GMM is trained by EM and converted the
natural GMM to the emotion GMM based on a mapping
function. It includes three steps:

Step 1: Compute the distance between each Gaussian
component of G and G' by the following equation:

d,, =DG,G, ;) (k=1.n) ©)
where Gk’ jis jth component in the k™ natural GMM in

the Emotion Database £ and G; is i" component of natural

GMM. The distance function between two single Gaussian
distributions N, (y,,3,)and N,(1,,%,) is given by:

1 ) -
KL(N, || N,)= E(mg% +Tr(3,'S,)
1
+ (- 1) (1 - 11,) - D) 3)
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where D is the feature’s dimension.

Step 2: Find the m components in the emotion database

which have the shortest distance between G, and G, Iz

[J..K,1= argmin (d, ) )

0<j<=m,0<k<=nc

where J;, K, saves the index of the component of natural
GMM in the emotion database. The aim of step 1 and step 2
is to find k£ components which is nearest to Gl It can be

viewed as a type of K-nearest neighbors operating at the
meta-level of component parameters.

Step 3: Convert the natural model to the emotion model.
The emotion model is formed as the following equation:

nc k
G(x)+ Z Z WWIW, ey M) ()
M(x) = —

nc

k ne

T ,

Z Z WWi Wik +Z v
j i

i

)

where WIT is inversely proportional to d ik and satisfies the

constraint that 37 W; =1 .When the order of the GMMs in

the emotion database is nc, the emotion model order is
k*nc*nc—+nc.

3. DEDUCTING PROCESS

In this section, the deductive process of the NEGT
algorithm is presented in detail.

3.1 Finding the Familiar Natural GMMs



According to the assumption in Section 1, there are natural
GMMs in the emotion database which are familiar with the
trained speaker’s. The method to find these GMMs is
introduced below. When a data set can be described by a
single Gaussian component, it can be defined as following:

k
g=) wg (©)
This equation shows that g can be expressed by k

Gaussian components. The g} is the Gaussian component of
natural GMMs
criterion is the distance between g and g;. The distance is

in the emotion database. The chosen

computed using KL-divergence. The wl.T is inversely

proportional to the distance between g and g;. So each

component of the natural GMM can be expressed by
k single Gaussian components in the emotion database.
Another distance computation method, Euclidean distance
between the mean of two components, is also suitable for
the distance computation. Their performances are almost the
same shown in the experiment in the next section. When the
Euclidean distance is applied, kd-tree can be used in step 1
and 2 to accelerate the algorithm.

3.2 Mapping Natural GMM to Emotion GMM

The relationship between natural GMM and emotion GMM
can be defined as the following equation:

M= f(G) )
where [ is the transformation function that maps natural

GMM G to emotion GMM M . It builds a relationship
between the speaker’s natural speech and emotion speech. It
can also be understood in another way. For any feature x in

the speaker’s feature space, f indicates the relationship
between G(x) and M(x) . If f can be learned from
emotion database E , all the M can be trained when G is

known. However, the structure of f  is unknown here and

it is hard to get an analytic solution.
We propose a simple solution to this problem. We

assume that f is linear. According to Equation (6) and (7),
we get M = f(G)=Xw, f(G,;) . It can be easily
verified that:

f(G =M, @®)
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So when the G' is known, M ' can be computed by
the Equation(9). The natural GMM contains plenty of
speaker individual information which should be included in
the trained emotion GMM. The sum of GMM weights must
amount to 1. According to these, the final transformation
function is as Equation(5).

M'=f(G)= w/f(g)

nc k T
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i J
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4. PERFORMANCE EVALUATION
4.1. Database

A large emotional speech database MASC (Mandarin
Affective Speech Corpus) is used in our experiments. The
corpus contains recordings of 68 native speakers (23 female
and 45 male) and five kinds of emotional states: neutral,
anger, elation, panic and sadness. Each speaker reads 5
phrases, 20 sentences three times for each emotional state
and 2 paragraphs only for neutral. These materials cover all
the phonemes in Chinese. This corpus is constructed for
prosodic and linguistic investigation of emotion expression
in Mandarin. All the data were recorded on an OLYMPUS
DM-20 digital voice recorder at 22050Hz sampling rate, in
a disturbance-free office. Only the sentences of the corpus
are used in our experiment. These sentences include all the
phonemes and most common consonant clusters in
Mandarin. The types of sentences are: simple statements, a
declarative sentence with an enumeration, general questions
(yes/no question), alternative questions, imperative
sentences, exclamatory sentences, special questions (wh-
questions). More details can be found in [4].

4.2 Experiment Strategies

All the utterances in MASC are divided into two parts. The
utterances of 53 speakers are used to build the emotion
database and the utterances of other 15 speakers (6 female
and 9 male) are for the performance evaluation. The first 5
sentences for three times of each speaker are used for
training and the others 15 for testing. Four experiments are
designed to evaluate the performance of the NEGT :



¢ Baseline 1: The first experiment is the traditional GMM
recognition process and only 15 speakers’ utterances are
used. The natural speech is used for training GMM with
32 order while the emotion speech is used for testing.
Because the emotion mismatch between the training
speech and the testing speech, the result is the lower
limit of the speaker verification performance.
Baseline 2: In this experiment, the strategy is the same
as the Baseline 1, expect that the emotion of utterances
for training and testing are the same. There is no
emotion mismatch between the training and testing
speech, so the result is the upper limit of the verification
performance for these 15 speakers.
¢ NEGT(KL): The utterance of the 53 speakers are used to
build the emotion database. The natural GMMs of the
other 15 speakers are trained from their natural
utterances by EM algorithm. Then their emotion GMMs
are trained by the NEGT. Feature exaction, scoring and
decision methods are all the same as the above two
experiments. The parameter k is set at 4 in Equation(2)
and the order of the emotion GMM is 4*32%32+32 .
¢ NEGT (Euclidian): The fourth experiment uses the
same emotion database as NEGT(KL) and all other
settings are the same, other than the Euclidian distance is
applied to compute the distance in Equation(2).

In each strategy, the speech is segmented into frames
by a 20-ms window progressing at a 10-ms frame rate. An
energy-based voice activity detector is used to remove
silence. Then, the 13-dimension MFCCs are extracted from
the speech frames. In the decision processing, T-norm
technique is used to normalize the dissimilarity scores.

4.3 Results and Discussions

Table 1. The EER of emotional speaker verification.

EER(%) Emotion Type of Testir.lg Utteranc.es

anger | sadness | elation panic

Baseline 1 22.05 14.32 14.94 18.75
Baseline 2 7.69 4.48 6.01 7.78
NEGT (KL) 13.24 14.02 10.92 11.92
NEGT (Euclidian) 14.46 14.14 11.20 12.16

The details of equal error rate (EER) for the four kinds
of emotional speech are shown in Table 1. Comparing
Baseline 1 with NEGT (KL), we see that the EER is
obviously decreased except in the column sadness. It shows
the natural-emotion GMM transformation algorithm
improves the speaker verification performance. The EER
decrease of column panic is 6.6%, the best of all. The EER
of third and fourth row are almost the same, showing the
two distance computation methods have the same effect on
the transformation algorithm. As we described in section 3,
the method using Euclidian distance can speed up the
NEGT, so it is recommended in the real-time application.
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However, compared NEGT (Euclidian) with Baseline 2,
the emotion model trained using NEGT doesn’t has the
same result as the GMM trained using the speaker’s
emotion utterances. It means the NEGT trained GMM
doesn’t describe the emotion speech distribution exactly.
Two factors may cause the difference. One is that the
Corpus is not large enough that the speaker natural GMM
can’t find the familiar GMMs in the emotion database. The
second factor is the limitation of the precondition of the
NEGT. It assumes that the natural speech distribution and
emotion speech distribution have the linear relationship.
However, it may not be the case in the real world. In the
future, a larger corpus will be added into the experiments
and nonlinear mapping between the natural and emotion
GMM will be considered.

5. CONCLUSIONS

In this paper, the natural-emotion GMM transformation
algorithm is developed to improve the emotional speaker
verification. The users’ emotion model is trained from their
natural GMM by this algorithm. Hence only the speaker’s
natural speech is needed. It is a model to model conversion
algorithm and doesn’t need to align natural utterances with
emotion utterances in building the emotion database. The
experiment results demonstrate that it can overcome the
speaker-emotion variability problem in a certain way. The
UBM-GMM method, one of the best speaker recognition
methods, is not adopted in our experiments, because the
order of trained emotion GMM will exceed 1024*1024
when the UBM order is 1024. In our future work, mixed
model reduction algorithm will be applied to decrease the
emotion GMM order to reduce the computation workload.
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