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A Regression Approach to Emotion Estimation in Spontaneous Speech
�Qiongqiong Wang and Koichi Shinoda (Tokyo Institute of Technology) ∗

1 Introduction

The task of emotion recognition in speech is to

recognize the emotional state of a speaker from his

or her speech [1]. Most of the past research in this

field has focused on recognition of acted or proto-

typic speech of categorized emotions. In this pa-

per, we focus on emotion estimation in spontaneous

speech.

Few researches have been done on spontaneous

speech [2]. Existing corpora for spontaneous speech

are limited and unbalanced. The characteristics of

natural speech, mostly mild or neutral, makes it

hard to classify human’s continuous and mixed emo-

tion into discrete categories. Annotations are often

erroreous. Moreover, the performance degrades be-

cause of variability caused by other factors such as

speaker variability, session variability etc.

To tackle these problems, we proposed a regres-

sion method to predict the three dimensional repre-

sentation of emotion, Valence(V) - positive or neg-

ative, Activation(A) - the level of excitation, Domi-

nance(D) - the apparent strength or weakness of the

speaker [3]. We also proposed a factor analysis based

speaker variability removal technique. We use Sup-

port Vector Regression (SVR) and k -NN regression

as the regression method.

2 Regression Method

2.1 SVR

SVR uses the same principles as the SVM for clas-

sification, with only a few minor differences. In

SVR, output is a real number. The model pro-

duced by SVR depends only on a subset of the train-

ing data, because the cost function for building the

model ignores any training data close to the model

prediction (within a threshold ε). We only use linear

SVR in this research.

Linear SVR

y =
N∑

i=1

(αi − α∗
i ) · 〈xi, x〉+ b

k-NN regression

The k -NN algorithm can also be adapted for re-

gression. In this research, we simply used the in-

verse of the Euclidean distance between test data
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and training data as the weight for the effect of this

training data. For each test sample, we choose k

training samples close to it and estimate its emo-

tion degree E′ as:

E′ =
∑k

i=1 Ei/si∑k
i=1 1/si

,

where Ei is the emotion degree of training speech

sample i, si is the Euclidean distance between the

test sample and its ith nearest training sample.

3 Speaker Variability Removal Tech-

nique Based on Factor Analysis

Speaker variability has the effect to degrade emo-

tion recognition. Therefore, besides PCA, we pro-

pose a method to find speaker variability based on

factor analysis and then remove it from all vari-

abilities. GMM supervectors are extracted from

GMMs with F mixture components trained from

d-dimensional feature vectors. A target GMM su-

pervector M can be written as:

M = m+ V α+ Uβ, (1)

where m ∈ RFd represents the UBM supervector,

V ∈ RFd×NV is a matrix of NV ‘eigenemotions’,

U ∈ RFd×NU is a matrix of NU ‘eigenspeakers’, α

and β represent emotion and speaker factors.

The first step is to train speaker specific GMMs.

A UBM is first built using a large neutral based cor-

pus. Then, given all the training data for the target

speaker, we use MAP adaption to adapt the pre-

trained UBM to obtain speaker-specific GMM mod-

els.

The second step is to generate speaker factors β

for the target speaker. We compare each speaker’s

GMM supervectorM to the UBM supervectorm by

ignoring emotion variability.

M = (m+ V α) + Uβ = (m+ V α) +

NU∑

j=1

wjEj ,

(2)

where U = [E1, E2, ...], β = [w1, w2, ...]
T . Thus each

utterance in both training data and testing data will

get one speaker factor β.

The third step is to remove speaker variability.

We assume the first k eigenspeakers have the most
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speaker variability, so we remove the first k di-

mensions and get the new vectors which have less

speaker variability.

M̂ = V α = (M −m)−
k∑

j=1

wjEj . (3)

4 Experiment

The spontaneous speech corpus we used in our

research is the VAM German Database from a Ger-

man talk-show. Each utterance was annotated by

multiple human labelers in 3 dimensions V, A, and

D in the normalized range of [−1,+1]. 10-fold

cross validation was used according to utterances

and speakers respectively. 10,084 utterances from

GLOBALPHONE-German, with training data from

VAM were used in UBM training.

We use 39 dimensional MFCC features, including

static, first and second derivatives of MFCCs and

normalized energy parameter. Then, using these

features, we train a GMM with 64 components and

construct a GMM supervector. To this supervector,

we add 18 dimensional statistics of fundamental fre-

quency (F0) and its 1st derivative: mean, median,

maximum, minimum, variance, 25% quantile, 75%

quantile, difference between max and min and dif-

ference between the quartiles. We compared several

systems combining different features and estimators.

1. Features: (a) utterance GMM supervec-

tor in utterance-based validation (b) projection

vectors from utterance-based PCA of M (c)

projection vectors combined with F0 features

(d) normalized utterance GMM supervector in

speaker-based validation (e) without the first

principal components of speaker variability (f)

without the first and the second principal com-

ponents of speaker variability

2. Estimaors: (A) SVR-linear (B)k -NN, where

k = 1 : 30.

4.1 Results

The results are shown in Fig 4.1. The correlation

coefficients are moderate to high (0.46<r<0.79).

SVR is best when using projection vector with F0

features for V (0.44), A(0.79), D(0.76). k -NN gets

the best correlation for V (0.46, k = 14), A(0.70, k =

25), D(0.66, k = 20); Both k -NN and SVR system

outperformed the previous work [4] in V , and got

similar correlation in A and D.

When using SVR estimator, correlations of all

primitives get improved after PCA is applied (0.4

on average), which indicates PCA helps removing

Fig. 1 Left: Average correlations with SVR using

(a)∼(f); Right: Correlation of k -NN and SVR sys-

tems using GMM supervector.

some non-emotion information. After F0 features

are added, every primitive gets the best performance

(0.44, 0.79, 0.76), 0.03 more on average. When

speaker factor analysis is applied, removing princi-

pal components of speaker variability decreases cor-

relation of all primitives slightly, which is opposite

to our expectation. The reason should be that the

principal components we removed still include some

emotional information.

k -NN gets better correlation in V , the same in A,

and better in D than SVR.

5 Conclusions

The system we proposed with PCA did help re-

moving non-emotion variabilities in emotion regres-

sion in speech, which outperformed the previous

work on VAM database. However, the technique

we have demonstrated for removing speaker factor

degrades the performance slightly. In the future, we

would like to apply joint factor analysis technique

and neural network for regression.
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