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1. Overview 3. Our proposed JTSLFS approach

® Goal ® The objective function of JTSLFS
« To learn robust corpus invariant feature representations for cross-corpus The proposed JTSLFS algorithm aims at learning a projection matrix 7 to

. . map the features of different corpora into a common low-dimensional
speech emotion recognition.

subspace, while the £ ;,-norm is imposed on the projection matrix to perform

feature selection. Moreover, a graph regularizer is further introduced to

® Approach

improve the recognition performance.
A general learning framework, called joint transfer subspace learning and

The objective function can given as

min||X"P -y " +al||P||,, + AP) + 73 (P)

e The 15t term: subspace learning;
« The 2" term: 4 4-norm;

e The 3™ term: MMD regularization;
e The 4% term: graph regularization

feature selection (JTSLFS), is presented.

« To realize the coupled feature matching, we learn a latent common subspace

by reducing the distribution difference and preserving the important

properties of features.
* To realize the feature selection, we impose an £ ;-norm on the projection

matrix.

A graph regularizer, which considers the geometric structure of data, is

further presented to improve the recognition performance.
® Optimization

The optimization problem contains the 4 ,-norm , which is non-smooth and

cannot get a closed form solution. Consequently, an iterative algorithm is

presented.

2. Related work

I). Update P as given Y,. Setting the partial derivative of O
with respect to P to zero, we obtain the following equation:

* Many statistical methods have been successfully adopted for speech emaotion @E —0
OP

recognition. However, In practice, since emotional speech utterances are
= 2X(X'"P—-Y)—2RP —2aQP =0

often collected in different environments, e.g., noises, languages, we have to

face the cross-corpus speech emotion recognition problem. = {XXT — R—a@)P =XY

 Many adaptation algorithms popular in speech/speaker recognition fields, e.qg., And left multiplying both sides of Eq. (15) by (XXT _R—

feature normalization, maximum a posteriori (MAP), joint factor analysis (JFA), Q)—lt we get the analytical solution of P as

vocal tract length normalization (VTLN), have been used in speech emotion

* T o . —1
recognition. They can obtain better recognition performance than traditional P" = (XX R—aQ) XY

algorithms. Nonetheless, these methods require a large amount of training 2). Update Y; as given P. When P is fixed, Eq. (14) can be

data, which is hard to collect in practice, and do not take into account the reformulated as

““corpus bias" problem. 5
O = min H Y., Y] — XTPH
F

Y3

« Recently, one major research direction focuses on addressing the “corpus o _ _ -
| | | | | | which 1s equivalent to the following optimization problem:
bias” problem via domain adaptation and transfer learning algorithms,

However, these algorithms focus on finding the common feature

O = min HY,’; _ XE"P‘

2
Y, F

representations to cope with the feature matching problem, and do not

consider the importance of feature selection together. The above optimization problem can be easily solved by the quadrat-

ic programming algorithm [24].
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4. Experiments

® Data sets and compared algorithms
 The EMO-DB and eNTERFACE emotional databases are used.

 The methods that we evaluate are listed below: Conventional method, Baseline
(single-corpus recognition), Transfer sparse coding (TSC), Transfer NMF
(TNMF), Transfer subspace learning (TSL), Our proposed JTSLFS without graph
regularization (TSLFS), Our proposed JTSLFS approach (Ours).

® EXxperimental results

Table 1. The recognition performance in fest1
Recognition rates (%)

Methods Anger Disgust Fear Happiness | Sadness Average
Conventional|  37.23 19.21 17.98 27.16 28.40 28.87
TSC 50.18 29.25 36.86 47.45 45.98 44.96
TNMF 50.02 29.30 36.85 47.28 46.06 43.99
TSL 47.16 26.29 32.26 46.02 45.16 40.02
TSLES 50.35 29.56 37.19 47.78 46.35 45.52
Ouirs 50.39 29.57 37.22 47.91 46.38 45.61
Baseline 74.40 55.35 54.03 59.98 60.96 61.36

Table 2. The recognition performance in fest2
Recognition rates (%)

Methods Anger Disgust Fear Happiness | Sadness Average
Conventional|  31.49 53.06 16.47 20.98 47.20 34.63
TSC 35.39 72.98 18.97 25.52 69.26 50.59
TNMF 36.13 73.07 19.05 25.53 69.32 51.96
TSL 37.80 72.56 18.65 25.38 69.25 50.92
TSLES 38.02 74.11 19.12 26.02 69.68 52.18
Ouirs 38.05 74.49 19.18 26.71 71.38 52.26
Baseline 73.01 81.04 68.58 52.99 79.33 71.02

fes!: the training dataset is EMO-DB, and the testing data is eNTERFACE,
fes2: the training dataset is eNTERFACE, and the testing data is EMO-DB.
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