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Abstract. In this paper, we use Sequential Forward Selection to select 8 dimensional frame-level features from the total 69 dimensional features,
and we reduce the dimensions of utterance-level eigenvectors from 63 to 12 by fisher discriminant. Then, two kinds of GMM multidimensional
likelihoods are proposed for hybrid generative and discriminative models. Experimental results on Berlin emotional speech databases show that the
GMM-MAP/SVM series hybrid model is the optimal Hybrid Generative and Discriminative Models, with the recognition rate up to 85.1%.

Streszczenie. W artykule zaprezentowano system wykrywania emocji w gfosie na podstawie modelu dyskryminacyjnego. Zaprezentowano badania
skutecznosci system na przyktadzie bazy danych Berlin. (System wykrywania emocji w gfosie na podstawie modelu dyskryminacyjnego)
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Stowa kluczowe: wykrywanie emocji w gltosie, model dyskryminacyjny.

Introduction

To convey information through speech is one of
human’s important abilities. Emotion information in speech
has crucial influence on people’s communication state. With
the rapid development of pattern recognition and affective
computing, speech emotion recognition using computer is
attracting more and more attention from the researchers.
However, performance of machine in speech emotion
recognition is still far behind human beings, and there is still
a long way for speech emotion recognition to enter human’s
everyday lives. There are mainly two issues for speech
emotion recognition, the first is how to find features that
describe emotions efficiently, and the second is how to build
a proper model for emotion classification. In this study we
mainly focus on the second one.

So far the approaches of speech emotion recognition
can be divided into two classes: (1) approaches based on
generative model, such as GMMs and HMMs. Frame-level
features are wusually used in generative model; (2)
discriminative model based approaches , such as K-
nearest neighbours (KNN), multi-layer perceptrons, artificial
neural networks (ANN) and support vector machine (SVM),
of which the key point is to seek for the optimal
classification boundaries between classes and to reflect
differences between different distributions. Utterance-level
features are always used in discriminative model. As for the
fusion of discriminative models, an approach to the fusion of
GMM classifiers was introduced in [1], two GMM models
based on different parameter sets were fused using dot
product, with the mean recognition rate up to 74.25%. As
for the fusion of generative models, classifiers such as SVM
and KNN were fused by means of unweighted vote and
stacked generalization in [2], and a mean recognition rate
up to 72.18% was achieved. In [1, 2], since the fusion was
limited within the same model, which are essentially the
same, the improvement of recognition rate was rather
limited.

As the fusion strategy of literature [3] is merely limited to
simple fusion strategies just like voting, generative model’'s
advantage of modeling data’s internal distribution and
discriminative model’s ability to separate data of different
classes effectively were not well combined. In this paper,
we introduce SVM likehoods and GMM/HMM likehoods to
build Parallel hybrid model, and then, fusion strategy is
used to combine the outputs of the two models. Besides,
since the GMM trained for each utterance is a
representation of utterance characteristics, redundant
information such as speaker identity and linguistic
information are included in the emotion recognition
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processing, thus affecting the system performance. Unlike
literature [4,5], to build the more effective GMM-SVM
models, in this paper we propose GMM-MAP/ SVM series
hybrid model.

1 Hybrid generative and discriminative models
1.1 Parallel hybrid model

Likelihoods

Frame-level features

Spe
re-processing _ i
Speech database —_ — | caleulating
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Frame-level features

Speech emotion
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Fig.1. Parallel hybrid model

For a speech fragment, two kinds of features are
extracted. Classifiers are built using both of the models for
analysis, so that a more comprehensive result can be
obtained and the generalization ability of the speech
emotion recognition system would be improved. Based on
this idea, a parallel “generative/discriminative” hybrid model
approach is proposed in this paper. Only a generative
model (GMM or HMM) and a discriminative model (SVM)
are used. The generative approach, GMM or HMM, models
the frame-level features, while the discriminative approach
SVM models the utterance-level features. Then the
probability outputs of SVM and generative model GMM or
HMM are fused by a certain fusion strategy. Note that unlike
GMM, the output of SVM is either +1 or -1, but not
probability or likelihood. To unify the outputs to the same
scale, the output of SVM is converted into probability"® in
this work, and then the experiments are conducted.

As is shown in Fig.1, since the output of discriminative SVM
model is the posterior probability score, utterance-level
features are extracted from the testing utterance X and then
processed by the SVM model. The output is formed by the
posterior probability scores that the utterance belongs to
each emotion class, denoted by Sam(X, 1),
Sim(X,2),...,Sam(X,N) (number 1 to N represents emotion
classes, and dm is short for discriminative model). The
output of GMM or HMM for the testing utterance Xis also in
probability form, denoted by Sgm(X, 1), Sgm(X,2),...,Sgm(X,N)
(gm is short for generative model here). Finally, parallel
fusion strategy is used to combine the outputs of the two
models.

For a testing utterance X, the posterior probability score for
emotion class i using generative model (GMM, HMM) is
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Sgm(X,i), (i=1,2,...,N), and the posterior probability score for
discriminative model SVM is Sqn(Xi), then testing utterance
X's overall posterior probability score S(Xi) for emotion
class i is given by:

(1) S(X,i) = Sgp(X,)X Sy (X)) (1Si<N)

The emotion recognition result i for testing utterance X is
determined by the maximum overall posterior probability
score:

(2) i =argmax S(X,i)
1<i<N

1.2 Series hybrid model

In ordinary speech emotion recognition systems based on
GMM and frame-level features, a GMM is trained for each
emotion class. Obviously, we cannot do that here since
during the process it is still unknown which emotion the
emotional utterance belongs to, so the corresponding
emotion model should not be used. In this model, a GMM-
BM (Background Model, BM) model is trained firstly, and
then MAP (Maximum A Posteriori, MAP) self-adaption
algorithm is applied to each of the emotional utterances to
build the GMM models (also known as GMM-Adapt models)
for each utterance. Unlike GMM-UBM/SVM model, the
GMM-BM model here is trained using all the training
utterances in peaceful state. Since any emotion state can
be regarded as a variation from the peaceful state, GMM
model trained from peaceful speech provides a priori
knowledge for training GMM models of each emotional
utterance. To be exact, the GMM-BM model should be
called GMM-Neutral model (Neutral is peaceful). The GMM-
MAP/SVM serial hybrid model is illustrated in Fig.2.

GMM-Adapted
Extractionof|  [—) [—
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Speech database e ———
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Fig.2. GMM-MAP/SVM series hybrid model
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As is shown in Fig.2, after the self-adaptive GMM model is
achieved, the frame-level features of a testing emotional
utterance is extracted and used as input of the self-adaptive
GMM model to obtain the multidimensional likelihood vector.
However, the parameters passed on to SVM model are not
the multidimensional probability vector, but the likelihood
ratio computed by applying the testing emotional utterance
to adaptive GMM and GMM-Neural model respectively. The
ratio also can be represented as difference of the two log-
likelihoods obtained. Therefore, the multidimensional
probability of the d" dimension for the frame-level features
of the testing emotional utterance is given by:

©) Fy =log p(Oy | ﬂ“adapted )—log p(Oy | Lpeutrar)

Similarly, the likelihood of the ™ Gaussian component in
Gaussian Mixture Model is given by:

(4) F =log p(0; | ﬂ’adapted )—1og p(O; | Aeutrar)

Then the multidimensional likelihood vectors of the
emotional utterances are trained and recognized using the
SVM classifier. SVM’s good discriminability is used for
emotion classification to improve the recognition rate. The
MAP self-adaptive algorithm is used to train the GMM serial
hybrid model.

2 Feature extraction

2.1 Frame-level features extraction

In this paper, MFCC[6] as well as its first and second order
differences are extracted to form the 39-dimensional
features, which make up a feature group of frame-level
features for speech emotion recognition with a generative
model. Besides the MFCC features, frame-level features
that have little relationship with speech content, including
fundamental frequency (F0), short-time energy (E), the first
three formant frequencies (F1, F2, F3) and five Mel-
frequency subband energies (MFSE1 to MFSES5), as well as
their first and second order differences, sum to 30 features,
are extracted in this paper. In other words, a series of 30-
dimensional feature vectors is extracted for each emotional
utterance. Additionally, the two feature groups are mixed
together to build the third 69-dimensional feature group.
Because of the redundant information existing in the frame-
level features extracted, in this paper Sequential Forward
Selection (SFS) algorithm is employed to select the best
subset from the frame-level features. The feature set
achieved is regarded to be optimal. For the 69-dimensional
hybrid features, after feature selection, the 8-dimensional
short-term feature selected is:

— d*FO dF2 d*MFSE2 dMFCCl d°E d*MFSE4

®) T a A T da Ca? a?
dF0 d*F1
dt g

2.2 Utterance-level features extraction

Utterance-level features are the statistical features obtained
on the basis of frame-level prosodic features and voice
quality features. The maximum, minimum, mean, standard
deviation, range and their first and second order differences
are typical statistics, besides, the median, the first quartile
and third quartile, etc. are also taken into account by some
researchers. In this paper, 63 features [8] are extracted as
the utterance-level features based on the EMO-DB. There is
also information redundancy in utterance-level features. For
frame-level features, SFS algorithm is adopted for feature
selecting in this paper. But for the utterance-level features
extracted in this paper, considering the computational cost,
Fisher criterion is used for dimension reduction instead.
Fisher criterion is a classic linear discriminate method,
which is widely used in pattern recognition [7]. After
evaluation of the Fisher rate for the 63-dimensional
utterance-level features extracted, 12 optimal utterance-
level features are selected on the EMO-DB for 6 emotion
classes: happy, anger, sad, fear, bored and peace. The
features are listed in Table 1.

Table 1 Selected 12 best utterance-level features

Order of Fisher

. utterance-level features

importance rate
1 Mean of fundamental frequency 1.43
2 Std of energy 1.26
3 Mean of first difference of fundamental frequency 1.11
4 Range of Log energy 1.05
5 Mean of first formant frequency 1.02
6 Mean of Log energy 0.89
7 Min of fundamental frequency 0.79
8 Mean of second formant frequency 0.73
9 first quartile of fundamental frequency 0.58
10 Max of third formant frequency 0.54
11 Max of second difference of energy 0.54
12 Median of energy 0.53
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3 GMM Multidimensional likelihoods

The probability output of a T-frame testing utterance using
GMM emotion model A, is represented by the following log-
likelihood:

6) InPO[4,)= ZlnP(Otl n)

where 1<n<N are emotion labels. Using diagonal
covariance matrix for GMM models, P(o4A,) can be
expanded as following:

M
P(o,|2,) = P(o.i|4,
z |

= ZC -P(o,
i=1

)

@) )
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where M is the number of Gaussian components in GMM
model, also called hidden state number. D is dimension of
the feature vector, and ojy is variance of the d" dimension
under the /™ hidden state (assumed diagonal). The mean in
the o™ dimension under the /" hidden state is denoted by
uig . Note that in Eq.(33), the output probability for each
mixture component is equal to the product of feature
components in all the D dimensions. For a testing utterance
with T feature vectors and for all of the GMM mixture
components, only the likelihood in the d" dimension is
computed while the rest are ignored (the output probability
is 1), then accordlng to Eq.(33), the output probability Py of
GMM in the d" dimension is given by:

1}
ME
ﬁ“’:lc;

Py =InP(0;|A)

(8) 1 (040 = Hig)
—ZIn{Zc \/—O',d exp{ —d  Hid) ,-de }}

where d=1,2,...,D.

After the processing above, for a T-frame testing emotional
utterance with D-dimensional feature vectors, D output
probabilities for each feature dimension are obtained under
the GMM model A. And a D-dimensional feature vector [P-
1,Pa, .. PD] is formed with these D output probabilities. The
reason for this processing is that: for the original D-
dimensional feature vectors, each dimension has a different
contribution to the same emotion, and also has different
influence on different emotions. After the processing of
GMM model A, the D-dimensional feature vectors of a T-
frame testing emotional utterance are converted into D-
dimensional output probabilities, which reflects likelihoods
of the D feature components under the GMM model.

On the other hand, the probability density function of a M-
order GMM model is the weighted sum of M Gaussian
probability density functions. Similarly, for T feature vectors
of a testing utterance, suppose only output probability of the
™ Gaussian component is computed while the rest are
|%nored then according to Eq.(33), output probability of the

i component in GMM model is given by:

=1InP(O;|2)
(9) T D

1
=Y In{q exp
t=1 'ia2zoy

where i=1,2,....M.
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In this way, for a testing emotional

utterance, a M-dimensional feature vector [P1,P2,...,PM]T is
formed by outputs of the M Gaussian components in the
GMM model, and is then processed by SVM.

4 Experiments and Results

In this paper, EMO- DB is used for the experiments.
Ergodic HMM topology structure is used and each HMM
emotion model has 5 states. Probability of the observations
under each state has continuous distribution, and the
distribution function is a linear combination of 4 Gaussian
distributions. The number of GMM components is M=8.
“Radial Basis Function” is used as the kernel function of
SVM, and “one-versus-one” method is adopted as the multi-

class classification strategy. A total of C52 =15 SVM

classifiers are trained, and 4-fold cross validation is
performed here.

4.1 Experiments based on parallel hybrid models

In the speech emotion recognition experiments based on
generative model and SVM probability output, the selected
frame-level features and utterance-level features are
extracted respectively for the training emotional speech
samples at first. After that, frame-level features are used to
train two generative models, the HMM model and the GMM
model, both including 6 emotion models. When recognizing
the testing emotional speech samples, parallel hybrid
models HMM/SVM and GMM/SVM are used respectively.
For each hybrid model, the maximum overall posteriori
criterion, denoted by Fusion-MAPmax, is used. The
recognition results are shown in Table 2.

Table 2 Speech emotion recognition rate based on parallel hybrid
model

Hybrid model Recognition rate (%)

Angry Happy Sad Bore Fear Neutral Average
HMM 834 811 832 648 69.1 796 769
GMM 734 741 782 685 747 783 745
HMM/SVM 872 739 86.6 676 751 763 77.8
GMM/SVM 76.8 80.2 78.0 66.1 695 842 758
According to the experiment result in Table 2, the

recognition rates of HMM model and GMM model using TF3
feature set are 76.9% and 74.5%, respectively, and we can
find that the parallel hybrid models have completely
outperformed them.

4.2 Experiments based on parallel series hybrid models
Two types of multi-dimensional output vector are introduced
in this paper. One is the D-dimensional GMM output vector
that is decomposed according to the dimensions of the
input feature vectors, here D is the dimension of the model’s
input, and the features used are the ones selected from
frame-level features, in the experiment D=8. The other is
the M-dimensional GMM output vector decomposed
according to different Gaussian mixture components. M is
the number of gaussian mixture components in GMM and in
the experiment M=8. The results of serial hybrid model are
listed in Table 3 and 4.

Table 3 Speech emotion recognition rate based on D dimension
GMM-MAP/SVM hybrid model

Recognition rate (%)
Angry Angry Angry Angry Angry Angry Angry

validation

Firsttime 90.3 765 933 750 706 947 834
Sfif::d 875 77.8 867 800 765 900 83.1
Third ime 93.8 833 813 750 647 900 814
Fourth time 844 833 938 714 778 950 843
Average 890 802 88.8 754 724 924 83.1

Table 4 Speech emotion recognition rate based on M dimension
GMM-MAP/SVM hybrid model
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Recognition rate (%)

validation Angry Angry Angry Angry Angry Angry Angry
Firsttime 77.4 824 867 800 765 895 82.1
S‘;ﬁ:’:d 784 778 933 750 765 850 81.0
Third time 84.4 833 933 750 706 90.0 82.8
Ft‘i’;réh 844 778 933 714 722 850 807
Average 81.1 803 917 754 740 874 817

According to data in Table 3 and 4, recognition rates up to
83.1% and 81.7% are obtained by the two types of GMM-
MAP/SVM serial models, respectively. Compared with the
recognition rates of 74.5% and 79.1% achieved by GMM
and SVM alone, the serial hybrid models have better
performances. The result shows that the fusion of GMM
multi-dimensional  probability output and SVM can
effectively improve the accuracy rate of speech emotion
recognition, since the hybrid models combine the modeling
ability of GMM and the discriminability of SVM effectively.
No matter for the GMM-UBM/SVM model or for GMM-
MAP/SVM, D-dimensional models perform better than M-

dimensional models, that is, the probability outputs
decomposed in feature dimensions have better
discriminability than that in the GMM component

dimensions. At last, according to data in Table 3 and 4, the
highest recognition rate of 83.1% is achieved by the D-
dimensional GMM-MAP/SVM serial hybrid model.
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Fig.3. Recognition rate of GMM models under different mixtures M

In addition, the number of Gaussian components is also a
crucial factor that influences the emotion recognition result.
In this paper, another experiment is designed to improve the
performance of GMM-MAP/SVM model for speech emotion
recognition. For the same set of frame-level features, the
GMM alone, GMM-MAP/SVM with D-dimensional output
and GMM-MAP/SVM with M-dimensional output are used
for speech emotion recognition respectively. Change of the
recognition rate along with the number of Gaussian mixture
components M is observed and shown in Fig.3. When the
value of M (in the range of 3 to 15 here) changes, the
GMM-MAP/SVM model with D-dimensional output always
has the best recognition rate, and a highest recognition rate
of 85.1% is achieved with M=13.

5 Conclusions and Discussions

In this paper, the advantages and disadvantages of both
generative models and discriminative models are analyzed
along with their complementarily. And the
“generative/discriminative” hybrid model is introduced and
applied in speech emotion recognition. Based on two
approaches for building the “generative/discriminative”
hybrid model, two effective model fusion methods are
introduced in this paper for speech emotion recognition. The

first is parallel fusion method. The SVM is improved with
probability output, thus the problem of classification
uncertainty is solved. Then two fusion strategies are used to
fuse SVM with the probability output generative models
HMM and GMM to build the parallel hybrid model and
improve the recognition rate. The second one is serial
fusion method, of which the basic idea is to model the
frame-level features with generative model GMM, and the
multi-dimensional output probability of GMM is then used as
input of the subsequent SVM model, aiming to improve the
speech emotion recognition system’s performance by
combining the modeling ability of GMM with the
discriminability of SVM. The serial hybrid models can be
divided into the M-dimensional model and the D-
dimensional model according to different patterns of GMM
probability output. When M varies within the range of 3 to
15, the D-dimensional GMM-MAP/SVM serial hybrid model
with M=13 is the optimal hybrid generative and discri-
minative model, with the highest recognition rate of 85.1%.
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