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Bimodal Emotion Recognition based on Sichuan Dialect
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Abstract: In view of the main technical challenges faced by dialect emotion recognition (data scarcity and low recognition
rate), this paper discusses the Sichuan dialect emotion recognition technology, and proposes a multimodal emotion recognition
model by constructing a high-quality dataset containing multiple emotion categories. The model adopts the dual-modal fusion
strategy of Mel spectral features (MFCCs) and text features, uses dynamic convolutional network (ODConv) and convolutional
block attention module (CBAM) to extract features, and combines the Text-CNN model for text sentiment analysis. Experimental
results show that the proposed model has higher accuracy and robustness than the traditional speech recognition model CNN in

Sichuan dialect emotion recognition task.
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1. Introduction

With the rapid development of artificial intelligence
technology, the ways in which humans interact with
intelligent systems have become more diverse. In this context,
the application value of emotion recognition technology is
becoming more and more prominent, especially for the
recognition of dialect emotion. The integration of speech
recognition and natural language processing technology,
especially the breakthrough in the field of emotion
recognition, provides strong support for personalized services
in multiple scenarios. With the rapid rise of artificial neural
networks, especially deep learning technology, the
performance of emotion recognition models has been greatly
improved, laying a solid foundation for emotion recognition
in more complex language environments.

At present, a number of well-known speech emotion
datasets in the world have promoted the in-depth development
of research. However, much research has focused on
Mandarin or the international lingua franca, while the study
of dialects has often been neglected. For some specific
scenarios, such as Sichuan dialect [1], the importance of
emotion recognition lies in the fact that it cannot only promote
more  efficient  cross-language and  cross-cultural
communication in Sichuan, but also provide more accurate
support for local social needs.

The main content of the research in this dissertation:

In view of the problems existing in the current emotion

recognition technology, this paper conducts an in-depth study.

The main research contents include the following aspects:

(1) Phonetic dataset construction: In order to overcome the
problem of insufficient database, this paper collects phonetic
samples about Sichuan dialects, covering a variety of emotion
categories. At the same time, speech recognition technology
is used to transcribe speech into text to ensure that the dataset
covers a wide range of sentiment categories and maintain the
consistency of sentiment annotation. This step provides
strong support for subsequent emotional feature extraction
and model training.
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(2) Emotion recognition model design: Most of the existing
models are trained based on Putonghua or international
common language datasets, which are difficult to be directly
applied to dialect emotion recognition tasks. Therefore, it is
necessary to optimize and verify the model for Sichuan
dialect. In this paper, the current efficient network model is
selected for feature extraction, which is helpful to improve the
accuracy and robustness of emotion recognition.

(3) Aiming at the problem of low recognition rate of
individual categories: this paper makes up for it by text
emotion recognition, and adopts a dual-modal emotion
recognition method based on the fusion of speech and text.
By constructing a rich speech dataset, extracting
comprehensive emotional features, and fusing multimodal
information, the recognition of emotions is realized.

2. Dataset

The speech emotion corpus is the basis for speech emotion
recognition, and the size and quality of the database directly
determine the performance of the speech emotion recognition
system trained based on the corpus. At present, the
construction of the speech emotion database is based on the
specific requirements of the task. The production of the
dataset in this paper comes from two aspects: one is the use
of recording software to record the human voice, which is
performed by 3 men and 3 women according to the prepared
text manuscript, which belongs to the spontaneous emotion
dataset (that is, the emotion is not specified during the
recording,); The second is to obtain audio and video through
the network and edit and process them in Adobe Audition
software. In this work, the speech data was extracted from
Sichuan dialect film and television dramas. The main job of
this part is to watch and check each set of videos, select videos
that contain clear emotions and have no background music
and noise, and then extract them from the video as audio files
using Adobe Audition, and divide them into smaller audio
according to the nature of the speech in a single audio, each
audio duration is controlled at 3-5s, the sampling rate is
16000Hz, mono, and the bit depth is 16.



Table 1. The number of different emotional categories

category Angry Fear

Happy

Neutral Surprise Sad

number 1002 336

1001

1022 394 755

3. Related Work

Emotion recognition has been studied for decades, with
scholars extracting features from audio data and then applying
those features to a range of classifiers. These classifiers
include: hidden Markov models, convolutional recursive
networks, SVMs, hierarchical binary decision trees, Gaussian
mixtures, neural networks, and more. Much of the above work
relies on context to provide additional information to infer the
emotional content extracted from the data.

In the process of developing emotion recognition, scholars
have proposed a variety of innovative models. For example,
attention-based networks, which are designed to align text
and audio information and perform feature extraction.
However, with the development of technology, Dynamic
Convolutional Networks [2] has gradually become a research
hotspot due to its efficient feature extraction ability and good
processing ability of time series data. Some scholars have
applied dynamic convolutional networks to speech emotion
recognition, and they have achieved a more accurate capture
of emotional information in audio data by adjusting the
network structure and parameters. At the same time, Tang et
al. [2]proposed a multimodality-based model as a benchmark,
which uses a Multi-Modal to effectively fuse speech, text, and
external knowledge. However, in the field of feature
extraction, the Convolutional Block Attention Module [4]
(CBAM) has attracted much attention due to its powerful
attention mechanism. Another scholar introduced CBAM and
dynamic convolution[4]models into the field of speech
emotion recognition, and they used the attention mechanism
of CBAM to enhance the recognition ability of key emotional
information by combining the features of audio and text data.
In addition, in terms of text recognition, the Text-CNN model
is widely used because of its efficient text feature extraction
ability. Combining the Text-CNN model with audio emotion
recognition enables a more comprehensive analysis of
sentiment information by extracting key information from the
text and combining it with audio features.

4. Experimental Methods

In this section, we will introduce the dynamic
convolutional model, CBAM model, and Text-cnn sentiment
recognition model based on the previous ones, and the model
we propose is based on the above model. The model uses two
different data modalities as input sources: MFCCs and word
vectors. Initially, each modality is handled individually. The
overall model structure is shown in Figure 1. The architecture
is a multimodal classification model, which combines the
spectral features of speech signals (MFCC) and the text
generated by speech recognition, extracts feature through two
parallel paths and fuses them to complete the classification
task. The audio path focuses on capturing the low-level
acoustic features of speech, while the text path captures high-
level semantic information. The two paths of the model are
respectively for speech and text modalities, and the dynamic
convolutional network, CBAM model and attention
mechanism are used to extract their respective features, and
finally, the fused features are generated by the fully connected
layer and the classification module. Speech Modal Input: The
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input is a speech signal, and the acoustic signature is extracted
by the Mel frequency cepstrum coefficient (MFCC). Text
modal input: Speech signals are transcribed into text form by
speech.
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Figure 1. Flow chart of multimodal emotion recognition

4.1. Audio Modal Processing

4.1.1. MFCC Coefficient Extraction

The Mel frequency cepstrum coefficient (MFCC) is
extracted from the input speech signal to obtain a two-
dimensional feature matrix: is the number of time steps,
Fifce = fmfec(A), Fmee € RT%4, T is the number of time steps,
and d is the MFCC feature dimension. MFCC preserves the
spectral properties of speech and is a low-dimensional feature
that describes the physical properties of speech.

4.1.2. Audio Modal Feature Extraction

(1) Convolutional Neural Network (CNN) feature
extraction: MFCC features are processed through multi-layer
convolutional networks to extract local temporal and spatial
features: convolutional networks can capture the feature
patterns of speech signals in different time windows. F.,, =
fcnn(mecc)

(2) Dynamic convolution and CBAM (Attention Module):
Dynamic convolution enhances the ability to model the
change of speech signals over time. The Convolutional Block
Attention Module (CBAM) focuses on the most important
acoustic features through channel attention and spatial
attention mechanisms. Final output processed audio
characteristics: Faugio = febam (Fenn)- ODConv[5]is created
based on DyConv and CondConv[7]]. Unlike traditional
convolution, which has fixed weights, ODConv dynamically
generates kernel weights, allowing for more flexible and
input-dependent feature extraction. This adaptive feature
enables ODConv to capture more complex and diverse
patterns in the data, especially when used in MFCC's data.
Figure 2 illustrates the structure of ODConv, where w;the
convolutional kernel is represented and the compressed
eigenvectors are mapped into a low-dimensional space at the
FC layer. Compared with ordinary convolutional networks
(CNNs), the ODConv has many advantages when identifying
MFCC, and the dynamic convolutional kernel can be
adaptively adjusted according to the local features of the input
feature map. This adaptability allows the network to better
capture features in different audio. The dynamic
convolutional kernel enhances the robustness of the model to
changes in the input data, while capturing both global
featuresand local features.
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Figure 2. ODConv model diagram

where , represents a,, the scalar attention factor of the
convolution kernel; a.; € RS, representing as; € RCout,
ag; € R*¥three new attention factors calculated along the
spatial, output, and input dimensions, respectively. &
represents element-by-element multiplication; * denotes a
convolution operation.

(3) The CBAM model [9] mainly includes the channel
attention mechanism as shown in Figure 3 and the spatial
attention mechanism as shown in Figure 4. The main purpose
of the channel attention mechanism is to calculate the
attention weight in the channel dimension, so as to highlight

MaxPool

MLP

AvgPool

the important channel information. CBAM can effectively
enhance the model's ability to capture key information by
calculating the attention weights in the channel and spatial
dimensions respectively. The channel attention mechanism
focuses on the importance of different channels, while the
spatial attention mechanism focuses on the importance of
different spatial positions. Through the combination of these
two mechanisms, CBAM is able to significantly improve the
performance of the model in a variety of tasks, especially
those with complex features and backgrounds.

The formula for calculating the channel attention
mechanism is as follows:

Channel

Sigmoid  Attention

Figure 3. Channel attention mechanism

The input is a feature tensor x € RH*W where C is the

number of channels and H and W are spatial dimensions. The
input feature maps are subjected to global average pooling
and global maximum pooling, respectively, to extract spatial
information and perform channel compression. Obtain two
channel description vectors. The results of average pooling
and maximum pooling are input into a two-layer MLP with
shared weights, which is used to extract nonlinear
relationships between channels. The outputs of the two MLPs
are fused by element wise addition, and the fusion result is
activated by a Sigmoid activation function to generate
attention weights for each channel. The generated channel
weights S are used to weight the input feature map, and the
channel attention enhanced features are output.

Gavg = MLP(favg) )
Imax = MLP(frax) 2
MLP(f) = wyo(wyf) (3)

Among them, w, € chg, w; € R¥C For the weights of
two fully connected layers, where r is the compression factor
for the number of channels. ¢ is the activation function, and
ReLU is usually chosen.

Global Mean Pooling (AvgPool): Averages feature maps in
the spatial dimensions (H and W). Global MaxPool: Takes the
maximum value in the spatial dimension of the feature map
the pooled features are passed through a shared multilayer
perceptron (MLP), which usually contains a hidden layer, and
the dimension of the hidden layer can be compressed by the
number of channels. where the sum is the weight of the MLP,
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and o is the activation function (sigmoid).W;W, By adding
the average pooling features and the maximum pooling
features of MLP, the fusion features are generated by the
sigmoid activation function, and each channel of the input
feature map is multiplied by the corresponding attention
weight to achieve channel enhancement.

As shown in Figure 4, the main purpose of the spatial
attention mechanism is to calculate the attention weights in
the spatial dimension, so as to highlight important spatial
regions. The main calculation formula is as follows.

MaxPool

J

Figure 4. Spatial attention mechanisms
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Feqe (L)) = Favg(i»j) + Enax (@, )) (6)
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Perform a channel-by-channel global average pooling
operation on each channel of the input feature map F to obtain
a spatially averaged feature map Fg,q. Then, a channel by
channel global max pooling operation is performed on each
channel of the input feature map F to obtain a spatial
dimension maximum feature map Fy,,,. Add the two feature
maps, Fg,gand Fg,, , element by element to obtain a
comprehensive feature map, F.,; Perform convolution
operation on the comprehensive feature map F,,.to reduce
the number of channels and increase nonlinearity. ¢ is the
Sigmoid activation function.

4.2. Text Modal Processing

4.2.1. Text Data Preprocessing

Before you can feed text data into your model, we need to
do some preprocessing steps to ensure that the data is suitable
for model training and inference. Start by removing noise
from the text (HTML tags, special characters, punctuation,
numbers, etc.). Use the Jieba tool to tokenize text fragments
and split each text fragment into a word list. Converts the
segmented text into numeric form. Using a word vector model
more suitable for the Chinese context, Word2vec, the word
sequence is mapped to a high-dimensional vector to obtain a
text vector.

Ejext € RV (10)

where N is the length of the text sequence (i.e., the number

of words in the text) and d is the embedding dimension.

4.2.2. Feature Extraction

In the text classification task, Text-CNN (text
convolutional neural network) effectively extracts features
from text data through a series of convolution and pooling
operations. The core mechanism lies in the use of
convolutional layers, which are able to slide filters (or
convolutional kernels) of various sizes over the input word
embedding matrix to capture local semantic features in the
text.

Specifically, the convolutional layer of Text-CNN is
configured with multiple filters of different sizes, using filters
of 3, 4, and 5 word lengths, which are specifically used to
identify and extract the combined features of consecutive n
words. In this way, the model has the flexibility to capture
phrases and structures of different lengths, which is essential
for understanding the semantics of the text. In the feature
extraction process, the convolution operation first slides these
filters across the word embedding matrix to generate a series
of feature maps, each corresponding to a specific type of local
feature captured by one filter. After the nonlinear activation
function (ReLU) is processed, these feature maps are passed
to the pooling layer to reduce the dimensionality and select
the features generated by the convolution.

For the text transcription information of a given speech
segment, Jieba tool is used for preprocessing such as
segmentation and cleaning of the text segment. Each text
segment is divided into a word list w = [wy, wy, -++, w,,], and
the maximum word length of the text is set to N. The excess
part of the text longer than N words will be discarded, and the
text less than N words will be filled with zeros. Then, a 300
dimensional word vector is used for representation
embedding, resulting in a text vector t = [wl,v;z,---,m;n].
Then, by encoding the text data, the text feature f; is
obtained.
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4.3. Multimodal Fusion

The text features and acoustic features were fused at the
feature layer, firstly, the acoustic featuresf, obtained by the
acoustic composite features encoded by the model and the
text featuresf; obtained by word embedding and network
encoding were fused. Perform series connection to obtain
features.

f = concat(f,. f¢)

where is the concatenation function.concat

Then, the function is applied to predict sentiment
classification, and the distribution probability of the
prediction target is calculated as follows.SoftmaxE

E = Softmax(fTM + b) (12)
where sum is the learned parameter matrix and bias
vectorMb

(11)

5. Experimental Results and
Evaluation Indicators

In this study, we implemented a prototype of a multimodal
emotion recognition algorithm and evaluated the performance
of the dataset. To train this dataset, the model went through
50 steps of training. The optimizer used is Adam. We set the
learning rate to le-5 and the weight decay to 1e-3.

We used all samples for 6 categories, including ang, happy,
neutral, and sad, fear, surprise. This is a common setting for
emotion recognition. We use accuracy to comprehensively
measure the performance of the model. The Confusion Matrix
is a table used to evaluate the performance of classification
models. It displays the correspondence between the predicted
results of the model and the actual labels, helping us to gain a
detailed understanding of the model's performance in
different categories. We split the dataset into 8/1/1 for
training/val/test settings. We trained our model in the training
section, which includes 80% of the data in the dataset. The
final model was selected based on their performance in the 10%
validation section. To demonstrate the effectiveness of the
dataset and evaluate the performance of the model, we
implemented three other models for comparison (i.e. Table 2).
Table 2 shows the results of different models, compared with
our model, which achieves improved multimodal fusion
through enhanced attention mechanism. Below are our
proposed models (Custom CNN) and Text CNN, as well as
the accuracy after modal fusion. Figure 5 shows the loss of
two models on the training set, and Figure 6 shows the
training and testing performance of the model after modal
fusion.

6. Conclusion

In this paper, we propose a sentiment recognition dataset
for Sichuan dialects. Compared with the existing Chinese
datasets, the proposed datasets are richer and more diverse in
terms of content, and these samples are all from everyday
conversations and are closer to real-life scenarios. In addition,
this paper proposes a multimodal emotion recognition model,
which uses dynamic convolution and attention structure for
multimodal fusion. In the future, we will try to improve the
quality of the model and improve the accuracy, and we will
also recognize audio fragments without noise or distortion,
and identify emotional data without language barriers, and
contribute to improving sound quality.
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