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Abstract. Speech emotion recognition is the basis of emotional speech
synthesis, a good speech emotion recognition system can learn more emo-
tional expressions in speech and help in the synthesis of emotional speech.
However, there are a number of issues that make the speech emotion
recognition task difficult, including background noise and the distinct
speech features of each speaker. The widely recognized speech emotion
recognition system ACRNN extracts local features from speech signals
using CNN, and its attention mechanism concentrates on the emotional
content of the speech data. However, because only a single attention
module is used, it is unable to simultaneously attend to the information
from distinct representation subspaces at different locations, nor is it able
to acquire long-term global information. The paper proposes CoRNN,
which applies Conformer to replace CNN and attention module, with the
purpose of overcoming the shortcomings of ACRNN. The experimental
results on IEMOCAP dataset demonstrate that the unweighted average
recall of the proposed CoRNN can achieve 65.53%, which improves 0.79%
comparing with ACRNN.

Keywords: Speech emotion recognition · Emotional speech synthesis ·
Conformer

1 Introduction

The development of text-to-speech (TTS) technology makes the machine syn-
thesized voice no longer cold and can better imitate human speech [1]. However,
the current synthesized voice is still insufficient in emotional expressiveness, and
it is necessary to further improve the system’s emotional speech synthesis ability.
Speech emotion recognition (SER) is the basis of emotional speech synthesis, and

c© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2025

Published by Springer Nature Switzerland AG 2025. All Rights Reserved

J. Cai et al. (Eds.): SPNCE 2023, LNICST 525, pp. 268–277, 2025.

https://doi.org/10.1007/978-3-031-73699-5_19

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-73699-5_19&domain=pdf
https://doi.org/10.1007/978-3-031-73699-5_19


SER Based on RNN with Conformer for Emotional Speech Synthesis 269

can serve it, specifically in: the final synthesis stage of emotional speech synthesis
system needs to provide the emotional embeddings of the desired emotion, and
an excellent SER system can extract the emotional embeddings that contains
more emotionally relevant information; for the voice input into the emotional
speech synthesis system, the SER system can be used to first identify its emo-
tional category, so as to eliminate the emotion-related information. Therefore,
this paper focuses on the study of SER.

SER is widely used in network teaching, smart home, emotion conver-
sion, expressive speech synthesis and other fields, which has important research
value [2]. In recent years, people have conducted in-depth research on SER using
acoustic features and a variety of machine learning (ML) and deep learning (DL)
models. DL provides a variety of models for SER research to more accurately
extract emotional states from speech. Deep neural network (DNN) models are
often utilized to develop representations from low-level audio characteristics [3].
SER research usually uses convolutional neural networks (CNNs) and recurrent
neural networks (RNNs) based on long short-term memory (LSTM) to extract
local information in speech sequences. In CNN-based SER instances such as [4],
CNN is often used to obtain time-frequency information derived from spectral
features, while in LSTM-based instances such as [5], LSTM is used to focus on
extracting sequence correlations of speech time series.

Convolutional Recurrent Neural Network (CRNN) was firstly proposed on
raw audio samples for SER [6]. Then at the base of CRNN and attention mecha-
nism, Chen et al. proposed a combination of attention model and convolutional
recurrent neural network (ACRNN) for SER [7]. Because of its good perfor-
mance, it has become a popular SER method to date.

The ACRNN mainly consists of three modules: CNN, Bidirectional Long
Short-Term Memory (BiLSTM) and attention module, in which, CNN is used to
extract local feature, BiLSTM plays the role of capturing contextual information
and attention module is used to focus on emotion part. Though ACRNN is still
extensively utilized in many domains, including expressive speech synthesis [8].
It has two drawbacks, one is that it is unable to extract long-term global infor-
mation because it only makes use of CNN to capture local feature, the other is
that only one single attention module in ACRNN is unable to attend to input
from different representation subspaces at different positions simultaneously.

In order to settle down the two issues in ACRNN, in this paper, a method of
CoRNN is proposed by using Conformer [9] to modify ACRNN. Further speak-
ing, CNN and attention modules in ACRNN are swapped out for conformer.
The reasons are as follows:

– Conformer has the ability to capture both global and local features simul-
taneously. The reason behind this is that Conformer is mainly composed of
Transformer [10] and CNN, wherein Transformer can capture global informa-
tion while CNN can be used to capture local feature.

– Conformer’s multi-head attention module allows it to concurrently attend to
data from different representation subspaces at different positions. Therefore,
the model is more capable of sequence modeling for the relative dependency
between features at different positions.
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– Two half-step feed-forward layers are used in the Conformer, and the non-
linear activation function is introduced, so the nonlinear fitting ability and
performance ability of the network can be improved.

– Conformer can extract better representation for emotion recognition.
– Conformer is effective in dealing with long-distance dependencies, and can

make up for the problem that LSTM cannot deal with long-term dependen-
cies.

The remaining parts of the paper are as follows. Section 2 details the archi-
tecture of the BiLSTM and Conformer based CoRNN. Section 3 introduces the
database and experimental setup. Section 4 reports the studies on IEMOCAP
dataset. Finally, Sect. 5 concludes the paper.

BiLSTM

Log-Mel spectrogram

Emotions Classification

Conformer

FCSoftmax
Happy
Angry
Sad

Neutral

Fig. 1. Schematic diagram of CoRNN architecture for SER.

2 CoRNN

The structure of the CoRNN is shown in Fig. 1. From Fig. 1, it can be found that
there are totally four modules in CoRNN, which are BiLSTM, Conformer, fully
connected layer (FC) and softmax, in which the diagram of Conformer can be
found in Fig. 2. The 3-D log-Mel spectrogram is fed into the BiLSTM network to
capture the contextual features, and then the Conformer structure is connected
to extract both local and global information of the sequence, and finally the
classification is performed. Firstly, we introduce the role of each module briefly.
BiLSTM is used to capture contextual information, Conformer is used to extract
global and local features, FC plays the role of line transformation and Softmax is
used to obtain the prediction probability of each emotion category of the input
speech as the output. The emotion label corresponding to the dimension with
the highest probability is the predicted emotion.

Next, the two principal modules in CoRNN, which are BiLSTM and Con-
former, will be introduced in detail.
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Fig. 2. The architecture of Conformer Block.

2.1 BiLSTM

RNNs introduce recurrent connections within layers, enabling parameters to be
shared across time [11]. LSTM neural network is a variant of RNN. Relying on
its unique mechanism, LSTM can process feature information with long inter-
val distance, which is suitable for predicting temporal sequences. Therefore, it
performs well in natural language processing and has been introduced into SER.
In this paper, BiLSTM [12] is used. Compared with LSTM, BiLSTM combines
the advantages of long short-term memory network and bidirectional recurrent
neural network, which can better capture the temporal bidirectional context
information of speech data, so it is more robust.

BiLSTM consists of two LSTM layers with opposite directions, which can
simultaneously consider features from past and future timesteps, so it can cap-
ture the temporal bidirectional context information of speech data.

2.2 Conformer

When extracting the emotional representation of the speaker, the focus is on
extracting the local and global features of the speech. Among them, global con-
text modeling can increase the robustness of speaker feature extraction. CNN
extracts features through local perception, so it can extract local features of
speech well, but it is poor in capturing global features. While Transformer has
good performance in capturing long-range global context dependencies, but has
low local attention [13].

To extract emotional features more efficiently, we use the Conformer structure
that can model both global and local features, as shown in Fig. 2. Transformer
model is good at capturing global features but has low local attention, while
CNN has a good ability to extract local features but is poor at capturing global
features. Conformer is a combination of CNN and Transformer, which possesses
the feature extraction capabilities of both, and thus can capture both local and
global features of speech very well. The key components of the Conformer archi-
tecture include multi-head self-attention module (MHSA) and convolution mod-
ule (Conv). The MHSA module can expand the ability of the model in sequence
modeling of the relative dependency between features in different positions. Its
relative position encoding module makes the model more robust to speech of
different lengths [14].
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The Conv module consists of Pointwise convolution layers, 1D Depthwise
convolution layers, and also includes a BatchNorm layer to accelerate model
convergence. The Conv module uses the local modeling ability of CNN to obtain
the local features of sequences, which is the key to improve the performance of
the model.

Different from the encoder of the Transformer model, the Conformer struc-
ture contains two feed-forward modules (FFN) with half-step residual connec-
tion, which are located before the MHSA module and after the Conv module.
The addition of FFN introduces a nonlinear activation function that improves
the nonlinear fitting ability of the network and improves the performance of the
model. Such a structure can yield better results compared to a single FFN [15].

When the input feature hi−1 is fed into the Conformer architecture, the
output feature hi is generated as follows:

˜hi = hi−1 +
1
2
FNN(hi−1) (1)

h′
i = ˜hi + MHSA( ˜hi) (2)

h′′
i = h′

i + Conv(h′
i) (3)

hi = LayerNorm(h′′
i +

1
2
FNN(h′′

i ) (4)

where hi−1 ∈ Rd×T , hi ∈ Rd×T , d is the dimension of the Conformer, and T is
the frame length.

3 Database and Experimental Setup

The suggested CoRNN is assessed using the Interactive Emotional Dyadic
Motion Capture database (IEMOCAP) [16]. The following four categories of
emotions-happy, neutral, angry and sad-are taken from the database’s improvi-
sation version, which has 2280 utterances [7]. In our assessment, 10-fold Cross
Validation is employed.

In addition, the openEAR toolkit [17] is used to extract traditional speech
emotion feature log-Mel spectrogram [11] in this work. Then its delta and delta-
delta features are computed based on the log-Mel. The log-Mel, delta, and delta-
delta features are synthesized into a 3-D log-Mel set as input to minimize the
effect of speaker differences. To facilitate batch training, the 3-D log-Mel spectro-
gram of every utterance with 3 s length by truncating or padding before entering
the CoRNN. For the padding process in this study, we employ the zero-padding
method.

Our work uses the Python platform to deploy experiments, and the network
uses the Adam optimizer to optimize the classification cross entropy. In the
network parameters, the batchsize for single training of the CoRNN model is
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set to 40, the learning rate is set to 10−3, and the overall dropout of the model
is set to 0.2. The last model selected is the one that has been trained across
250 epochs. Owing to the non-uniform label distribution, Unweighted Average
Recall (UAR)) [18] is employed as a performance statistic for CoRNN, helping
to prevent the model from being overfit to a particular category.

4 Experimental Results and Analysis

The experimental findings (UAR(%)) on IEMOCAP dataset using CoRNN are
displayed in Table 1. It can be seen that using the CoRNN model proposed in
this paper, the UAR can achieve a result of 65.53%, which is a good recognition
effect.

Table 1. Experimental results on IEMOCAP dataset using CoRNN in terms of
UAR(%)

Models UAR

CoRNN 65.53

4.1 Ablation Experiment of CoRNN

In order to better verify the effectiveness of the CoRNN, ablation experiments
were carried out respectively:

– CoRNN: Extract the 3-D log-Mel feature of speech, and calculate its deltas,
and delta-deltas to obtain a three-dimensional Mel spectrogram, which is
input to the CoRNN for emotion classification.

– w/o Conformer: 3-D log-Mel spectrogram is only input into BiLSTM.
– w/o BiLSTM: 3-D log-Mel spectrogram is only input into Conformer.

Table 2 displays the outcomes of the experiment. The findings of the exper-
iment show that the UAR value of the CoRNN model after deleting the Con-
former network or BiLSTM network is smaller than the UAR value obtained by
the original model, which means that the emotion recognition performance of
the separate BiLSTM model and the separate Conformer model is not as good as
the CoRNN model. An significant part of the CoRNN model recognition process
involves the BiLSTM and Conformer networks.
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Table 2. Ablation experiment results on IEMOCAP dataset using CoRNN in terms
of UAR(%)

Models UAR

CoRNN 65.53

w/o Conformer 63.68

w/o BiLSTM 59.76

4.2 Confusion Matrix Analysis

To compare and examine the experimental outcomes even more, confusion
matrix is used here. Figure 3 shows the confusion matrix of the CoRNN.

By observing the confusion matrix of CoRNN’s experimental results in the
figure, it is discovered that the model significantly improves the ability to identify
the emotions of anger and sad, but has a poor recognition effect on the emo-
tions of happy and neutral, both of which are often recognized into each other.
The reason may be that the small size of the happy category data, its feature
acquisition is insufficient. The neutral category has not been able to capture its
features well because of its own emotional factors are not prominent enough.
These issues will be investigated in future work.

angry

sad

happy

neutral

angry sad happy neutral

CoRNN confusion matrix

78.69 1.37 10.31 9.62

4.61 82.07 4.44 8.88

21.83 8.45 49.65 20.07

17.47 17.93 22.20 42.40

Fig. 3. Confusion matrix of CoRNN with the UAR of 65.53% on the IEMOCAP dataset

4.3 Comparison with the State-of-the-Art Systems

Here, we would like to compare the proposed CoRNN with other existing sys-
tems. To this end, Table 3 shows the comparison between CoRNN and other
existing systems on the IEMOCAP dataset in terms of UAR. In which,

– Raw Speech + CRNN [19]: Taking raw speech as input, a parallel CNN
is used to extract both long-term and short-term interactions from the raw



SER Based on RNN with Conformer for Emotional Speech Synthesis 275

speech. The features that were captured are fed into a CNN and LSTM clas-
sification module. Convolutional layers pick up high-level information, while
LSTM layers handle long-term temporal modeling.

– 3-D log-Mel features + ACRNN [7]: The CRNN model is used to train
high-level feature representations of speech segments, the attention model is
employed to assess the value of a sequence of high-level representations to the
resulting emotion representation, and the three-dimensional Mel spectrogram
is obtained as the input.

Table 3. Comparison with the state-of-the-art systems on IEMOCAP dataset in terms
of UAR(%)

Systems Features Models UAR

1 Raw Speech CRNN 60.23

2 3-D Log-Mel ACRNN 64.74

Proposed 3-D Log-Mel CoRNN 65.53

Our system is first contrasted with the CRNN system. Unlike the system in
this paper, which uses hand-crafted acoustic features, the CRNN system uses
CNN to extract features from raw speech, which are more general and contextual.
However, the data size of the IEMOCAP dataset is too small to capture suffi-
ciently accurate features. The experimental results show that the UAR value
of the CoRNN system is increased by 5.3% compared with CRNN system. It
reflects the effectiveness of the speech emotion recognition system proposed in
this paper.

Second, our system is compared with the commonly used ACRNN systems,
both of which take the 3-D log-Mel spectrum as input. Only CNN, BiLSTM and
attention mechanism are used in the ACRNN system. The results show that the
UAR of the CoRNN system is 0.79% higher than that of the ACRNN system,
which indicates that the Conformer model has more advantages in the SER task
than the ordinary attention model plus CNN.

To sum up, the proposed system based on CoRNN in this work outperforms
other systems to a certain extent.

5 Conclusion

This paper modifies ACRNN to enhance SER’s performance to better serve
emotional speech synthesis. The CoRNN model is proposed that uses the Con-
former module to replace the CNN and attention modules in the original model
to improve the model’s ability to extract global and local features. At the same
time, the BiLSTM network is combined to achieve the goal of extracting more
comprehensive emotional representation from various aspects. The effect of using
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CoRNN for SER is better than that of using ACRNN, according to experi-
mental results on the IEMOCAP dataset. In addition, the proposed system
also outperforms some previous systems. Thus the proposed system can pro-
vide emotional embeddings containing more emotionally relevant information
for emotional speech synthesis systems to improve the emotional expressiveness
of synthesized speech.
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