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Abstract—There has been a lot of previous works on speech 

emotion with machine learning method. However, most of them 

rely on the effectiveness of labelled speech data. In this paper, 

we propose a novel algorithm which combines both sparse 

autoencoder and attention mechanism. The aim is to benefit 

from labeled and unlabeled data with autoencoder, and to apply 

attention mechanism to focus on speech frames which have 

strong emotional information. We can also ignore other speech 

frames which do not carry emotional content.  The proposed 

algorithm is evaluated on three public databases with cross-

language system. Experimental results show that the proposed 

algorithm provide significantly higher accurate predictions 

compare to existing speech emotion recognition algorithms. 

Keywords — Affective computing, Speech Emotion, Sparse 

Autoencoder, Attention Mechanism. 

I. INTRODUCTION 

Speech and conversation are the most direct and natural 
methods of communication between humans, even between 
human and machine. However, although the amazing progress 
people had made in speech recognition in past years, we still 
cannot achieve real natural interaction between human and 
machine. That is, current machine still cannot understand the 
emotional state of human very well. This has introduced a new 
research field, which namely speech emotion recognition. It is 
believed that given machine the ability of analyzing emotion, 
we can further improve the speech recognition and speaker 
recognition performance [1]. Thus, it is very helpful for health 
care, intelligent assistance, and human-machine interactions. 
In this paper, we focus on the algorithm that analyzes the 
speech characteristics with deep learning algorithm in order to 
recognize the underlying emotions.  

Early research on speech emotion mainly focused on 
selecting speech acoustic features that can represent different 
emotion [2]. Thus,  a lot of short-term and long-term acoustic 
features combining mathematic formula have been proposed. 
The most popular approach is to extract a large number of 
statistical features at each utterance level, and perform basic 
machine learning algorithm [3], such as Support Vector 
Machine (SVM).  It is still unclear that which features are 
more effective to represent speech emotion, and we almost 
cannot leverage feature sets in cross-language system. 
Recently, with the increased interest of deep learning 
algorithm field, applying deep learning to automatically learn 
useful features from speech utterance becomes more and more 
popular. Prior researcher  used a Deep Neural Network (DNN) 
on the top of traditional statistical features to improve the 
accuracy compared with traditional algorithm. In [4], the 
authors proposed convolutional and recurrent layers together 
to learn the relationship directly from time-domain speech 
utterance to the circumplex model space of emotion.  

Although deep learning algorithm can provide more 

accurate predictions, there are two main issues that still 

bother most researchers in applying deep learning algorithm 

to speech emotion recognition. One is how to balance the 

short-term characterization at the frame level and long-term 

aggregation at the utterance level. The other one is: acquiring 

a lot of labelled speech data is notoriously difficult since 

labelling data requires expert’s knowledge; it has proven to 

be prohibitively expensive and time consuming in large 

quantity. When labelling an emotional utterance, even worse, 

there is no real ground truth. We only have a subjective 

ambiguous “gold standard” because different human raters 

may interpret the emotional state of the same speech in 

different ways. The most serious problem is: even we have 

the trustable labelled speech utterance, we still find that in 

same emotion utterance, there still exits some segments with 

strong emotion express, such as don’t like, silence period, or 

friction sound.  

Encouraged by the recent success of sparse autoencoder 

structure with deep semi-supervised learning, and the idea of 

attention mechanisms in neural machine translation, we 

propose a sparse autoencoder with attention mechanism for 

speech emotion recognition. Our contributions are as follows: 

1. Propose a new deep–learning algorithm for emotion

recognition: Our propose algorithm is to combine both the

generative and the discriminate perspective, endowed with an

ability to distil essential knowledge from unlabeled data. It is

very effective for emotion recognition.

2. Reduce the labeled data requirement during model training:

With our algorithm, we can simultaneously ignore silence

frames, and other parts of the utterance which do not carry

emotional content, in order to focus on specific regions of a

speech signal with more emotional utterance.

3. Record-high precision to emotion recognition: Our

propose algorithm can provide significantly higher accurate

predictions in cross-language system. We have 4% and 5%

increase in Mandarin and English, respectively, compared

with existing speech emotion recognition algorithm.

The rest of this paper is organized as follows. Section II 

describes the basic algorithm of  the autoencoder and attention 

mechanism. Section III presents our proposed novel algorithm 

in detail. Section IV demonstrates the experimental results on 

cross-language system with three public databases. 

II. AUTOENCODER AND ATTENTION MECHANISM

A. Autoencoder

Recently, unsupervised learning played an important role

in deep learning field [5]. Training a deep classifier is 

relatively easy because the target data distribution can be 

explicitly learnt by unsupervised learning models. However, 
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because the nature of unsupervised learning algorithm, we 

need sufficient amount of labelled emotion speech data for 

the training and classification. It is usually relative difficult 

to acquire in emotional speech database, because the labelled 

data will be serious impacted by human’s personal subject 

ambiguous feeling. Thus, we need expert’s knowledge in 

psychology domain, which increase the difficulty level in 

both expensive and time consumption.  

Thus, the algorithm called semi-supervised learning [6], 

which only needs a small number of labeled data parallel with 

an additional set of unlabeled data to accomplish the same, or 

even better, classify task. It helps to solve most of the 

problems in lacking useful data of speech emotion 

recognition. One of the main attractions of using semi-

supervised learning for speech emotion recognition is the fact 

that it supports to simultaneously deploy both unsupervised 

and supervised learning. This is important in speech emotion 

recognition because deep learning algorithm can represent 

many complex functions more concisely than common 

shallow models, such like SVM or Gaussian Mixture Model 

(GMM). In one recent study [7], the authors proposed a semi-

supervised autoencoder framework. A dedicated integration 

of a supervised path and autoencoders was presented to 

extend the horizon beyond the current limit of unsupervised 

learning autoencoders. In this way, a semi-supervised 

autoencoder is not only a powerful feature extractor, it is also 

a competitive semi-supervised classifier. In the semi-

supervised autoencoder model, this function is a deep 

denoising autoencoder that consists of multiple hidden layers 

as well as a stochastic corruption process applied to the input. 

Furthermore, the semi-supervised autoencoder model 

particularly assigns the unlabeled examples to the pseudo-

class, resulting in a supervised path with shared parameters 

that are responsible for the classification. Also, a pseudo- 

class in supervised pass has one important reason: because 

speech features typically have high degrees of variations, one 

extra supervised learning task to recognize pseudo-class 

encourages the deep learning classifier to be insensitive to 

rich variations among both unlabeled and labelled speech 

emotional data. At the end, the objective function is a 

weighted sum of the supervised cross-entropy loss and the 

unsupervised mean-square-error loss of the labelled and 
unlabeled data. The detail structure is shown in Fig 1. 

B. Attention Mechanism 

In the previous work of attention mechanism [8], it allows 

networks to focus on different parts of their input. Also, in 

[9], the authors also used attention mechanism to aim on 

specific parts of an utterance that contain strong emotional 

characteristics. As shown in Fig. 2, at each time frame t, the 

inner product between the attention parameter vector and the 

Recurrent Neural Network (RNN) output is computed, and it 

is interpreted as a score for the contribution of that frame to 

the final utterance-level representation of the emotion. A 

softmax function is applied to the results to obtain a set of 

final weights for the frames: 

 α𝑡 =
exp(𝒖𝑇𝒚𝑡)

∑ exp(𝒖𝑇𝒚𝜏)
𝑇
𝜏=1

 (1) 

                         

The obtained weights are used in a weighted average in time 

to get the utterance-level representation: 

                                  

 
𝒁 = ∑α𝑡𝒚𝑡

𝑇

𝑡=1

 (2) 

The pooled result is finally passed to the output softmax layer 

of the network to compute posterior probabilities for each 

emotional class. The parameters of both the attention model 

and the RNN are trained together by backpropagation. 

III. SPARSE AUTOENCODER WITH ATTENTION MECHANISM 

FOR SPEECH EMOTION RECOGNITION 

In this section, we describe our speech emotion 
recognition architecture in detail. As shown in Fig. 3, our 
algorithm combines sparse-autoencoder with attention. We 
use sparse autoencoder in [10] for the encoder/decoder path. 
In the classify path, we use bidirectional Long Short-Term 
Memory (BLSTM) with attention.  

A. Input speech feature 

Unlike traditional emotion recognition system, which 

extracts a large number of statistical features at each utterance 

level, we simply select log Mel-spectrogram as input 

Fig. 1. The semi-supervised autoencoder structure. 

Fig. 2. The emotion recognition with attention model. 
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Fig. 3. Architecture of our proposed speech emotion 

recognition. 

feature. In [11], the authors used log Mel-spectrogram as the 

input of Convolutional Neural Networks (CNN), and showed 

that the result is better than traditional speech features. 

Speech feature vectors are generated by Fourier-transform-

based filter-bank analysis, which includes log energy 

coefficients distributed on a Mel scale, along with their first 

and second temporal derivatives. All speech data were 

normalized so that each vector dimension has a zero mean 

and unit variance. 

B. Sparse Autoencoder 

General speaking, an autoencoder is a network with 

unsupervised learning algorithm, training the network by 

setting the target value to be equal the input value. The 

difference between sparse autoencoder and conventional 

autoencoder is that we impose a sparsity constraint on the 

hidden layers. Thus, in sparse autoencoder, the dimensions of 

hidden layer will be larger than input layer. Also, because of 

the “sparsity” constraint, only a small percentage of them are 

really active. Due to the extra nodes, the weight matrix will 

have bigger rank and will cause higher computation time and 

complexity. However, the sparse autoencoders is able to offer 

more flexibility and additional modeling power than a 

conventional autoencoder. The computational cost is linear 

with the number of training samples; but in emotional speech 

recognition, the training data is relatively smaller than other 

conventional application. Therefore, we can almost ignore 

the complexity problem. 

To achieve this, let �̂� be the average activation of hidden 

unit, and 𝜌 be the sparsity parameter. We also add another 

penalty term to our optimization objective. It penalizes �̂� 

while deviating significantly from 𝜌 as follows: 

 ∑𝜌log�̂� + (1 − 𝜌)

𝑠

𝑗=1

log
1 − 𝜌

1 − �̂�
 (3) 

S denotes the number of nodes in hidden layer. 

C. Classify  

In the classify path, we combine the bidirectional Long 

Short-Term Memory (BLSTM) with attention mechanism. 

LSTM is a special case of Recurrent Neural Network (RNN). 

It was originally introduced to solve problems reported in 

using RNN, mainly due to the vanishing or the exploding 

gradients. It enables the network to deal with long time lags 

 
Fig. 4. Structure of bidirectional Long Short-Term 

Memory. 

between relevant time-series of the processed dataset. To do 

so, a cell state is added inside each unit. It contains some 

statistical information computed over a previously processed 

time-series of the data. This cell can either be written on or 

be erased, depending on the relevance of the stored 

information. The BLSTM consists of two separate input 

layers, two separate recurrent hidden layers, and one output 

layer. Each input layer is connected to one hidden layer. The 

hidden layers are connected to the output layer. The network 

is bidirectional, i.e., a sequence is fed into the network in both 

forward and the backward modes. Thus, the BLSTM can use 

emotional speech information from both forward and 

backward directions. This is a very important characteristics 
because human’s emotion is a continuous behavior, and we 

need to consider the previous and after condition at same time. 

The detailed connection of BLSTM is shown in Fig. 4.  

In the classify path, it also takes the encoder’s output and 

learn the links between it and the emotion label. With the 

attention mechanism, the network can focus more on the real 

emotional periods of speech utterance. Here, we must 

emphasize that, in our semi-supervised algorithm, the classify 

path also has to incorporate information of unlabeled data 

into learning how to recognize emotions. To achieve this, we 

describe all the unlabeled data as one pseudo-class. The 

introduction of a pseudo class for the unlabeled data is 

important because it acts as a regulator during training to 

improve encoding of speech utterance and to reduce 

overfitting. 

D. Joint Objective Function 

 The object function of our network is a joint function 
decided by both reconstruction error and the cross entropy loss: 

 𝐿 = 𝐿𝑠 + 𝐶𝐿𝑢 (4) 

where  𝐿𝑢 is the reconstruction error, and the 𝐿𝑠 is the entropy 
loss, C is a constant controlling the weighting between 
encoder path and classify path. 

IV. EXPERIMENT RESULTS 

A. Emotional Speech Databases 

Firstly, we brief introduce the databases that are used to 

evaluate the performance of our algorithm. 

1. Dataset in Chinese Mandarin 

CASIA [12] was released by the Institute of Automation, 
Chinese Academy of Sciences. It is composed of 9,600 wave 
files that represent different emotional states: happiness, 
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sadness, anger, surprise, fear, and neutral. Four actors (two 
females and two males) simulated this set of emotions and 
produced 400 utterances in six classes of different emotions. 

2. Dataset in German 

The Berlin Emotional Speech Database (EMODB) [13] 
was collected by the Institute of Communication Science at 
the Technical University of Berlin. It has been used by many 
researchers as a standard dataset for studying speech emotion 
recognition. EMODB comprises 10 sentences that cover seven 
classes of emotion from everyday communication, namely, 
anger, fear, happiness, sadness, disgust, boredom, and neutral. 
They can be interpreted in all emotional contexts without 
semantic inconsistency. 

3, Dataset in English 

The  Interactive Emotional Dyadic Motion Capture 
(IEMOCAP) dataset [14] was collected by SAIL lab at USC, 

USA. The corpus is organized in 5 sessions, in each session, 

two actors are involved in scripted scenarios or improvisations 

designed to elicit specific emotions. This database was 

recorded from 10 actors in dyadic sessions with markers on 

the face, head, and hands. The database contains 

approximately 12 hours of data.  We use audio signals from 

four emotional categories of happiness, sadness, neutral, and 

anger.  

B. Results 

In Table I, we compare the classification performance of 

our proposed algorithm with other similar algorithms. 

Because the test sets are imbalanced, we report two accuracy 

results on the test sets. One is called weight accuracy (WA), 

which means the overall accuracy of the test example. In the 

works of [15] and [16], the authors also used deep-learning 

methods for emotion classifications. In [17], the authors used 

conventional feature extraction with SVM classifier.  As we 

can see from Table I, our proposed algorithm can provide 

significantly higher accuracy in predictions of cross-language 

systems, compared with existing speech emotion recognition 

algorithms. 

TABLE I.  COMPARISONS OF ACCURACY  

Data Set CASIA EMODB IEMOCAP 

Our proposal 83.3% 89.7% 69.5% 

[15] － 85.1% 64.2% 

[16] － 87.31% － 

[17] 79% 88.88% － 

 

V. CONCLUSION 

In this paper, we propose a novel algorithm which 

combines both sparse autoencoder and attention mechanism. 

Our attention mechanism focuses on speech frames that have 

strong emotionally information. Hence, our sparse 

autoencoder can reduce the required amount of effective 

labeled data. The proposed algorithm is evaluated on three 

public databases with cross-language system. Experimental 

results show that it can provide significantly higher accuracy 

in prediction of emotion status compared with existing speech 

emotion recognition algorithms in cross-language system. 
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