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Abstract. Recent research has shown that multi-modal learning is a
successful method for enhancing classification performance by mixing
several forms of input, notably in speech-emotion recognition (SER)
tasks. However, the difference between the modalities may affect SER
performance. To overcome this problem, a novel approach for multi-
modal SER called 3M-SER is proposed in this paper. The 3M-SER
leverages multi-head attention to fuse information from multiple fea-
ture embeddings, including audio and text features. The 3M-SER app-
roach is based on the SERVER approach but includes an additional
fusion module that improves the integration of text and audio features,
leading to improved classification performance. To further enhance the
correlation between the modalities, a LayerNorm is applied to audio
features prior to fusion. Our approach achieved an unweighted accu-
racy (UA) and weighted accuracy (WA) of 79.96% and 80.66%, respec-
tively, on the IEMOCAP benchmark dataset. This indicates that the
proposed approach is better than SERVER and recent methods with
similar approaches. In addition, it highlights the effectiveness of incor-
porating an extra fusion module in multi-modal learning.

Keywords: 3M-SER - Multi-modal analysis - Speech Emotion
Recognition - Multi-head Attention - Multi-feature Embeddings

1 Introduction

Speech emotion recognition (SER) is a rapidly growing field of research that
focuses on the development of algorithms and systems capable of automati-
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cally detecting, analyzing, and interpreting emotions conveyed through speech.
The capacity to detect emotional states from speech offers a broad scope of
potential benefits and useful applications, encompassing healthcare, education,
entertainment, and human-computer interaction. Traditionally SER focused on
analyzing only the audio component of speech to detect and interpret emotions.
Feature extraction from speech signals has been the mainstay of SER, where
various acoustic features such as pitch, loudness, spectral [1], spectrograms [2]
are extracted from the speech signal and used to recognize emotions. Deep learn-
ing (DL) models are often used as end-to-end models that can learn to extract
relevant features from the audio and directly predict the emotion label. Pham et
al. [2] developed a DL approach for speech emotion recognition that involved
modifying an existing DL model and incorporating a novel loss function specifi-
cally designed for recognizing emotional states from speech signals. Bao et al. [3]
took a different approach by proposing a DL-based model as a data augmentation
method to improve the performance of SER systems. Specifically, they developed
a generative adversarial network with emotional style transfer that can generate
emotional data samples, thereby increasing the amount and diversity of training
data and enhancing the performance of the SER system.

As stated in [4], most previous methods only focus on a single modality, either
audio or text input, to recognize emotional states. In recent years, researchers
have recognized that using multiple modalities, such as audio combined with
text, can improve the accuracy of emotion recognition. A multi-modal SER sys-
tem can capture complementary information from different modalities and com-
bine them to provide a more complete understanding of the emotional state of
the speaker. SERVER [5] is a recent example of a multi-modal SER system that
combines information from both audio and text modalities. In the SERVER [5]
system, audio features are extracted from the speech signal using Mel frequency
cepstral coefficients (MFCCs) and are fed into the pre-trained VGGish [6]. To
obtain the embedding of text input, the pre-trained BERT [7] model is utilized
for text embedding. The embeddings are then combined using concatenation and
fed to a fully connected layer for emotional state classification.

The SERVER [5] has shown an increase in performance in the system by
using multi-modal. However, the difference between the emotions represented in
text and in audio may affect the performance of the model. SERVER [5] only
uses the concatenation of the feature of text and audio which may create a huge
impact on the classifier head if the model relies on the text feature too much to
classify the emotion rather than rely on the audio feature. For instance, if the
text contains the word “cry”, but the audio does not reflect sadness, the system
may bias to recognize the emotions of the audio as sadness rather than neutral
or the label emotion.

To overcome the aforementioned problem, we propose a novel method that
fusion the feature embeddings of text and audio through an attention [8] mech-
anism. Our approach uses multi-head attention, which is a type of attention
mechanism that allows the model to attend to different parts of the input simul-
taneously and learn which parts are most relevant for predicting the emotion.
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Experimental results of our method IEMOCAP [9] have shown improved perfor-
mance by integrating the attention fusion module into the SERVER model. Our
method achieved a new highest score on IEMOCAP [9] with a UA of 79.96%
and a WA of 80.66%, respectively.

The structure of this paper is organized as follows. Section 1 provides an intro-
duction to the study. Section 2 presents a summary of the literature review and
related studies. In Sect. 3, we elaborate on the motivation behind the proposed
methodology and provide a detailed explanation of the methodology itself. The
employed dataset, experimental setup, preliminary results, and discussions are
presented in Sect.4. Finally, Sect.5 concludes the study and outlines potential
future work.

2 Related Work

The emotions in human speech are complicated and are not easy to recognize
even if the listener is a human. Numerous research efforts have focused on analyz-
ing speech features and accurately classifying them to enhance speech emotion
recognition.

Particularly, Google researchers [6] have recently proposed a method that
applies CNN architectures to convert audio into a latent space dimension known
as audio embedding. A feature extraction model, namely VGGish is applied to
the log Mel-Spectrogram, which is transformed from the audio input, to retrieve
an audio embedding. The design of VGGish is influenced by the popular VGG
networks used in image classification and can function either as a feature extrac-
tor or as a downstream classification model. VGGish has shown a high perfor-
mance on a large-scale audio dataset (AudioSet) [10].

BERT (Bidirectional Encoder Representations from Transformers) [7] is a
powerful language model that has been widely used in natural language process-
ing (NLP) tasks such as sentiment analysis and emotion detection. In addition
to its applications in sentiment analysis and emotion detection, BERT has also
been combined with other modalities such as text and audio to create multi-
modal models. Multimodal models combine different types of data to gain a
more comprehensive understanding of the input and improve the accuracy of
the models.

For instance, Lee et al. [11] took multimodal modeling further by combining
BERT with heterogeneous features extracted from multi-modal inputs, including
textual, visual, and acoustic information, to enhance the ability of the BERT
model to recognize emotional states. By incorporating these additional features,
the model achieved improved accuracy and outperformed previous state-of-the-
art models on several benchmark datasets. This demonstrates the potential of
combining BERT with other modalities to create more effective multimodal mod-
els for emotion recognition.

Recent studies have investigated the use of both audio and text inputs in DL
models for SER. Lee et al. [12] proposed a cross-attention network that aligns
audio and text embeddings for multimodal SER. By employing bidirectional
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LSTM, the audio embedding was created by processing the Mel-frequency cep-
stral coefficients (MFCCs) that were extracted from the audio waveform. Simi-
larly, the text embedding was generated by using bidirectional LSTM to process
the extracted GloVe embeddings. These embeddings were then fed into the cross-
attention network for final emotion classification. Yoon et al. [13] proposed an
audio recurrent encoder and a text recurrent encoder for multi-modal SER based
on MFCC features and word embedding that was extracted from audio and text,
respectively. Pham et al. [5] proposed a multi-modal speech emotion recognition
using BERT and VGGish (SERVER). SERVER is very competitive and better
than most of the latest and state-of-the-art methods using multi-modal analysis
for SER. It achieves 63.10% unweighted accuracy and 63.00% weighted accuracy
on the IEMOCAP [9] dataset.

EE— CEE—
Text Input Audio Input
Tokenizer ke

Spectrogram
BERT
Text Audio
Embedding Embedding

L Embedding Fusion J

Anger Happiness Sad Neutral

Fig. 1. The flowchart of the SERVER [5].

3 Methodology

3M-SER is an improved version of SERVER [5] by extending the architec-
ture with the addition of multi-head attention over the fusion module and the
text module. As shown in Fig. 1, the audio input is transformed to log Mel-
Spectrogram of 96 x 64 bins and fed into the pre-train VGGish [6] model to
extract audio features. The text features are extracted using the pre-trained
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BERT [7] model. Both audio and text are transformed to the latent spaces
dimension which can represent their features in a fixed size. These features can
be called text-embedding v, € R% and audio-embedding v, € R% The different
sizes of the latent spaces in each feature require designing a module to combine
these features. SERVER [5] proposes to transform the text-embedding v; spaces
to the v, by simply adding a linear layer after the output of the BERT [7] model.
After obtaining the text and audio embeddings, they are combined through con-
catenation to create a fusion feature, which is employed in the classification of
emotional states. This method shows an improvement in the performance model,
however, we can further improve this result by designing an attention fusion
module rather than the simple linear. The details of our method are shown in
Fig. 2.

Text Input Audio Input

Tokenizer Mel-Spectrogram
(num_tokens) (num_samples, 1, 96, 64)
BERT Embedder
Text Embedding Audio Embedding

(num_tokens, t_emb_size) (num_samples, a_emb_size)

! !

Multi-head Attention Block LayerNorm
(num_tokens, f_emb_size) (num_samples, f_emb_size)

| |

Concatenation
(num_tokens + num_samples, f_emb_size)

|

Multi-head Attention Block
(f_tokens, f_emb_size)

Anger Happiness Neutral

Fig. 2. The flowchart of the proposed 3M-SER.

A multi-head attention [8] block is applied to the text embeddings to figure
out which feature is useful to the classification process. This block also converts
the text embeddings from wv; spaces to the v, by using a linear and Layer-
Norm [14] after the multi-head attention.
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Although the dimension of the audio embeddings stays the same, the com-
bination of the audio embeddings with the text embeddings feature creates a
significant disparity in the feature values of v; and v, that are derived from their
corresponding pre-trained feature extraction model. The BERT model tries to
transform a text to vy € R% which R% mostly in [—2.0,2.0] while the VGGish [6]
transforms the log Mel-Spectrogram to v, € R% which R% mostly in [0.0, 255.0].
This imbalance may lead to audio-based judgment much more than the text fea-
ture and may overwhelm the text feature if we simply concatenate two features
without performing any linear layer. To make the fairness between each feature,
we apply the LayerNorm [14] to both the audio embedding and text embedding.
LayerNorm [14] will make both the v, and v; have a closer value which makes
the 3M-SER slightly study better.

In the concatenate layer, rather than the fusion of two features based on the
dimension space like SERVER [5], our 3M-SER fuses two features based on the
tokens and samples axis of text embeddings and audio embedding, respectively.
This technique will help 3M-SER view the entire sentence and Mel-Spectrogram
samples to assess the emotion in the sound through another multi-head atten-
tion [8] block.

4 Preliminary Results and Discussion

4.1 Dataset

In our experiments, we use the same dataset which is used to evaluate the
SERVER [5] and other single-modal approaches. The Interactive Emotional
Dyadic Motion Capture (IEMOCAP) dataset, as described in [9], is a multi-
modal and multi-speaker database containing the acted audiovisual data. The
dataset comprises around 12h of content, including video, speech, motion cap-
ture of facial expressions, and text transcriptions. To validate the effectiveness of
the 3M-SER along with SERVER [5], the same text, audio, and number of sam-
ples are investigated in this study. The same dataset contains only four major
classes such as anger (1,103 samples), happiness (1,635 samples), sadness (1,084
samples), and neutral (1,708 samples). The distribution of each class used in this
study is shown in Fig. 3.

4.2 Experimental Setup

The 3M-SER is implemented using the PyTorch [15] DL framework and trained
on a Linux machine (Debian Bookworm) with Intel(R) Core(TM) i9-12900K,
64 GB RAM, and 1 Nvidia GeForce RTX 3090 Graphics Card. We follow the
settings in SERVER [5] to set our optimizer, the learning rate decay, and the
dataset. The multi-head attention component, which is composed of 8 heads, is
succeeded by a linear layer and a LayerNorm layer [14]. The multi-head attention
block after the text embedding has the linear layer with 768 in-feature and 128
out-feature to convert text latent space dimension from v, € R7%® to v, € R1?8
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Sadness Anger
19.6% 19.9%
Happiness Neutral
29.6% 30.9%

Fig. 3. The distribution of the employed emotions in the IEMOCAP dataset used for
training 3M-SER.

for the concatenating process in fusion module. The same multi-head attention
block is applied after the fusion module, however, the in-feature and out-feature
in the linear layer are set to 128. Two linear layers with 64 and 4 units in the
fully connected (FC) layers are added after embedding fusion. The 4 units are
the classification head with softmax activation which is used to calculate the
category cross-entropy loss.

4.3 Results and Discussion

Figures4a, 4b, and 5 display the confusion matrices of the models using only text
embedding, only audio embedding, and both embeddings, respectively, which
were reported in SERVER [5]. Figures6a and 6b display our 3M-SER confu-
sion matrices which show the impact of the fusion module on the SERVER [5]
model and the effect of LayerNorm [14]. It is observed that adding an attention
mechanism can improve the performance of the model through the meaning of
text and audio. The accuracy of 3M-SER helps improve the model recognition of
“anger”, “happiness”, and “sadness”, however, the model is still confused about
“neutral” emotion and seems to fail to recognize it.

Table 1. Performance comparison of the different multi-modal SER methods on the
IEMOCAP dataset.

Method Accuracy (%)
UA |WA

Ref. [16] 5170 |-

Ref. [17] 56.00 | 61.20
Ref. [12] 48.70 | 57.90
SERVER 5] 63.00 | 63.10
3M-SER 75.35 | 76.81
3M-SER with LayerNorm | 79.96 | 80.66
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Fig. 5. The confusion matrix of the SERVER [5] using both text and audio embeddings.
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As shown in Table 1, the proposed method has the best accuracy in terms
of unweighted accuracy and weighted accuracy. Table1 demonstrates that the
proposed method outperforms other methods in both unweighted accuracy and
weighted accuracy. Compared to notable references such as [12,16,17] and [5],
the proposed method achieves the improvements of 10.88%, 15.18%, 18.18%
and 3.88%, respectively, in terms of UA. Similarly, the proposed method sur-
passes [12,17], and [5] by 6.01%, 9.31% and 4.11%, respectively, in terms of WA.
Moreover, Table 2 presents a comparison of different methods in terms of model
complexity and performance, including the number of parameters (Params),
FLoating point OPerations (FLOPs), and accuracy. Based on Tables1 and 2,
although the proposed 3M-SER method has the highest complexity, its perfor-
mance shows a significant improvement.

Table 2. Comparison of model complexity and performance for different multi-modal
SER methods on the IEMOCAP dataset.

Method Params | FLOPs | Accuracy (%)
UA |WA

Text Only |109M | 0.00683G | 57.67 |57.77
Audio Only | 72M 1.73G 57.56 |58.41
SERVER [5] | 181M |1.74 G 63.00 |63.10
Ours 203M |1.74 G |79.96 80.66

5 Conclusion and Future Work

In this paper, a novel multi-head attention fusion mechanism has been proposed
to improve the accuracy of multi-modal speech emotion recognition. Learning
from the text embeddings and audio embeddings which are extracted from the
BERT and VGGish respectively using the attention mechanism helps model
learning better on understanding the meaning of text along with the audio. The
experimental results have shown that our proposed method improved the perfor-
mance of the previous multi-modal. The proposed method achieves the highest
UA of 79.96% and WA of 80.66%, respectively, on the IEMOCAP dataset.

In future work, we plan to investigate multi-lingual and multi-task learn-
ing approaches to further extend this study. This extension aims to enhance
the generalization and robustness of multi-modal speech emotion recognition
(SER) systems. Additionally, the exploration of new architectures, along with
the utilization of data collection and augmentation techniques such as hybrid
data augmentation (HDA) [18], will be considered. These efforts aim to further
improve the model performance, reduce the bias among features, and generate
additional data for the task of speech emotion recognition. Moreover, in this
preliminary study, we have observed the significance of correlation or similarity
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between different modalities. Therefore, in the extended version of this study, we
will place significant emphasis on exploring the similarity/correlation between
text embeddings and audio embeddings to improve the overall performance of
the multi-modal SER system.
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