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Abstract: The accurate recognition of emotions in conversations helps understand the speaker’s
intentions and facilitates various analyses in artificial intelligence, especially in human—computer
interaction systems. However, most previous methods need more ability to track the different
emotional states of each speaker in a dialogue. To alleviate this dilemma, we propose a new approach,
Multi-Task Learning and Multi-Fusion AudioText Emotion Recognition in Conversation (MMATERIC)
for emotion recognition in conversation. MMATERIC can refer to and combine the benefits of two
distinct tasks: emotion recognition in text and emotion recognition in speech, and production of
fused multimodal features to recognize the emotions of different speakers in dialogue. At the core of
MATTERIC are three modules: an encoder with multimodal attention, a speaker emotion detection
unit (SED-Unit), and a decoder with speaker emotion detection Bi-LSTM (SED-Bi-LSTM). Together,
these three modules model the changing emotions of a speaker at a given moment in a conversation.
Meanwhile, we adopt multiple fusion strategies in different stages, mainly using model fusion and
decision stage fusion to improve the model’s accuracy. Simultaneously, our multimodal framework
allows features to interact across modalities and allows potential adaptation flows from one modality
to another. Our experimental results on two benchmark datasets show that our proposed method is
effective and outperforms the state-of-the-art baseline methods. The performance improvement of
our method is mainly attributed to the combination of three core modules of MATTERIC and the
different fusion methods we adopt in each stage.

Keywords: emotion recognition in conversation; Multi-Task Learning and Multi-Fusion for
AudioText Emotion Recognition in Conversation; multi-task learning; multimodal fusion

1. Introduction

In recent years, natural language processing technology has experienced rapid devel-
opment [1,2]. Human—-computer interactive systems have gained widespread attention
and become a research hotspot in both academia and industry. As these systems continue
to progress, humans have increasingly high expectations for them, hoping that machines
can communicate more deeply with humans based on their attention to the content of the
responses. Therefore, enabling machines to understand emotions in conversation has be-
come a growing challenge for human—computer interactive systems. Emotion recognition
in conversation (ERC) recognizes a person’s emotional state by analyzing speech, visual,
and physiological signals, and it utilizes the complementarity between multi-channel
emotional information to improve the accuracy of emotion recognition [3].

With the development of the Internet, a massive amount of data, such as text, images,
and videos, are becoming easier to obtain. Emotion recognition for such data is an essential
task in artificial intelligence, and the research results can be used for product recommenda-
tion and public opinion monitoring. So far, speech emotion recognition has primarily been
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limited to language itself, that is, it only pays attention to the linguistic system and semantic
structure itself and its relationship with social cultural, and psychological cognition while
ignoring other forms of meaningful expressions, such as images, sounds, colors, and ani-
mation. Multimodal discourse emotion recognition can significantly help people overcome
these limitations. To this end, we build our framework to enable the integration of features
from multiple modalities, thereby improving the accuracy of emotion recognition and lead
to better applications.

Multi-task learning (MTL) is an inductive transfer mechanism of machine learning,
where multiple tasks are learned in parallel, and the results influence each other [4,5].
In recent years, it has been widely used in computer vision [6], natural language process-
ing [7,8], recommendation system [9] and other fields [10,11]. In this work, we propose a
MTL framework, named MATTERIC, for conversational multimodal emotion recognition.
The proposed framework leverages the interdependence of the two tasks (speech and text)
to obtain better feature representation and improve the performance of each task. More-
over, a multi-task framework reduces complexity, as a single system can handle multiple
tasks simultaneously. MMATERIC comprises two main components: feature networks
(FeatureNets) and central knowledge processor (CKP). FeatureNets extract task-specific
features from the input modality, and CKP combines these features to predict the emotional
state. We employ MMATERIC for three tasks: ERC in text, ERC in speech, and ERC after the
fusion of text and speech signals. The third task combines high-level textual information
and low-level speech signals to learn emotional features from low-level speech signals.

FeatureNets is the crucial component of the emotion recognition task, which involves
extracting features from speech using the open-source tool openSMILE [12], and from text
using models such as Roberta [13]. However, standard long short-term memory (LSTM) [14]
units are insufficient for remembering long-term changes in a particular speaker. To address
this limitation, we propose a CKP component consisting of three core modules: an encoder
with multimodal attention, a speaker emotion detection Unit (SED-Unit), and a decoder
with speaker emotion detection Bi-LSTM (SED-Bi-LSTM). Together, those three modules
can model the changing emotional state of a speaker in the conversation at a given time.
To learn intra-modal representation, we incorporate pairwise intra-modal attention into
the encoder with an attention module. We then use the SED-Unit to process the output of
the encoder, which is subsequently fed into the SED-Bi-LSTM module. In the single-task
process, the output is sent directly to the classification layer, while in the multi-task process,
it is passed through the fusion block before being sent to the classification layer. To prevent
overfitting, we use dropout, and a fully connected layer is used as our discriminator. In our
framework, feature representations are first fed into pooling layers before being fed into
the final fully connected layer (FC). Pooling layers help to reduce the size of the parameter
matrix, which in turn reduces the number of parameters and speeds up computation while
preventing overfitting. The fully connected layers act as “classifiers” in the multi-task
learning framework. While convolution, pooling, and activation operations map the raw
data to the hidden feature space, fully connected layers map the learned “distributed
feature representation” to the sample label space.

To demonstrate the effectiveness of our method, we conduct comprehensive exper-
iments on two multimodal datasets for ERC analysis. The results show considerable
improvements compared to well-known baseline methods.

The main contributions of our work are summarized as follows:

*  We propose a central knowledge processor (CKP) that models speakers’ changing
emotional states during a conversation. The CKP comprises three core modules: an en-
coder with multimodal attention, a speaker emotion detection unit (SED-Unit), and a
decoder with speaker emotion detection Bi-LSTM (SED-Bi-LSTM). The CKP compen-
sates for the inability of LSTM, which is commonly used in ERC tasks, to remember
long-term variations of specific speakers.

* By modifying the classic LSTM structure, we add the speaker state at the input to gain
a deeper understanding of the speaker’s emotions
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*  We employ a multi-task framework to process three interdependent tasks and use
different fusion strategies at different processing stages to improve AudioText emotion
recognition accuracy in conversation.

* A series of experiments on two benchmark datasets show that the proposed method
achieves a considerable improvement over baseline models.

In the remaining paper, we describe related works on multi-task, multi-modal, multi-
fusion, and conversational emotion recognition in Section 2. Next, we provide the details
on the framework design in Section 3. Datasets and the experimental results are mentioned
in Section 4, as well as the experimental analysis. In Section 5, we conduct ablation studies
to measure the impact of removing different components on the system’s performance. We
conclude with a summary and mention our future work in Section 6.

2. Related Works
2.1. Multi-Task Learning

Multi-task learning is an approach that takes inspiration from human behavior of han-
dling multiple tasks simultaneously. It involves using the domain information contained
in the training signals of related tasks as an inductive bias to improve generalization [4].
This approach allows the model to extract features from associated tasks simultaneously,
and different tasks can share relevant knowledge during the learning process. As a result,
the correlation between tasks improves the model’s performance on each task.

Recently, multi-task learning has been applied in the field of emotion recognition to
learn the interdependence between different tasks and enhance the accuracy of single-task
emotion recognition [15]. Researchers have developed multi-task frameworks that provide
subspaces to learn modality-private and modality-shared features for emotion recognition
tasks [16], as well as transformer-based models to learn multiple tasks across different
domains, including sentiment analysis [17]. However, few studies have focused on using
multi-task learning for ERC work. In this paper, we use the multi-task framework to resolve
multimodal ERC problems by dividing the multi-task work into three sub-tasks: the audio
task, the text task, and the combined audio and text task.

2.2. Multi-Modal

Humans operate in a multimodal environment, where they process information
through various senses, such as speech, facial expressions, movement, and language.
Each of these senses can be considered a separate modality, and they work together to
provide a rich and immersive experience. Therefore, multimodal data are highly correlated
and complementary.

The expression of human emotions is also a multimodal process, as emotions can
be recognized from multiple modalities. To this end, researchers have proposed various
multimodal models for emotion recognition, such as Chen et al.’s bimodal speech emo-
tion recognition model that uses speech and text information [18]. Additionally, some
researchers, such as Soleymani et al., argue that multimodal learning can simulate the way
humans perceive the world, leading to more effective artificial intelligence [19]. Our study
applies MTL not only to the single task of speech and text but also to the task of fusion of
the two modalities.

2.3. Multimodal Features and Fusions

Multimodal data involve representing objects from various perspectives, such as text,
audio, and image. When conducting a multimodal emotion recognition task, it is critical
to determine how to integrate feature representations from various modalities to capture
complementary information. The fusion of different modalities has been one of the main
research areas in sentiment analysis. Gandhi et al. [20] discussed ten different fusion
procedures, including early fusion, late fusion, hybrid fusion, model level fusion, tensor
fusion, hierarchical fusion, bi-modal fusion, attention-based fusion, quantum-based fusion,



Electronics 2023, 12, 1534

40f 15

and word-level fusion. In contrast, we categorize fusion strategies into three types: early
feature-based fusion, mid-stage model-based fusion, and late decision-based fusion.

Early feature fusion directly merges the underlying features of each modality, which
can capture the correlation and interaction between them. For example, Qian et al. [21]
combined speech and text features for fine-grained temporal alignment and cross-modal se-
mantic interaction and used the same network to predict the final emotional state. However,
early feature fusion approaches are prone to high feature dimensionality and out-of-sync
features. Model-based fusion involves inputting various modal data into the network
simultaneously and merging them based on the middle layers of the model. The advantage
of model fusion is that the fusion position can be selected, and the interaction between
modalities can also be realized. For instance, Gu et al. [22] proposed a multimodal frame-
work for extracting features from text and audio, and they fused all features using DNN
to learn cross-modal correlations. However, they overlooked word-level modal dynamic
interactions when modeling sentence-level modal relations. Decision-level fusion works by
weighting and combining the predictions from each modality. Decision-level fusion can
also perform well when some modal data are missing, and the errors between different
modalities do not affect each other. However, decision-level fusion requires more use of raw
data information and capturing the correlation between shallow features. It also ignores the
interaction between temporal modalities. For example, Rozgic et al. [23] built acoustic and
text models to obtain their respective predictions, then obtained the final fusion prediction
through ensemble learning.

Multimodal sentiment analysis has seen an increasing use of multi-level and multi-
stage fusion strategies. For instance, Sun et al. [24] proposed a tensor fusion network
followed by a decision-level fusion in a multi-level fusion setup. Liang et al. [25] employed
the RNN framework to perform N stages of fusion. Atmaja et al. [26] combined early
and late fusion techniques in a n-times fusion approach to enhance performance. In a
similar vein, we incorporate multiple fusion strategies at different stages in our approach.
Specifically, we leverage model fusion in the speaker emotion detection unit, and the
optimal fusion model in the fusion block, to improve the accuracy of ERC.

2.4. Conversational Multimodal Emotion Recognition and Analysis

Conversational emotion recognition (ERC) is an active research area, and several ERC
datasets have been published, such as IEMOCAP [27], AVEC [28], EmotionPush [29], Daily-
Dialog [30], EmotionLines [31], and MELD [32]. The most common approach for ERC is con-
text modeling in unimodal or multimodal settings using deep learning-based algorithms.

Hazarika et al. [33] proposed a conversational memory network that utilizes contex-
tual information from the conversation history to recognize emotions in dyadic dialogue
videos. However, their work did not consider the order of conversation. Poria et al. [34]
proposed an LSTM-based approach that considers interdependencies between utterances
for multimodal emotion recognition, but it may suffer from long-term context propagation
problems [35]. DialogueRNN [36] employed an attention mechanism that pools informa-
tion about all or part of the dialogue for each target utterance, but it does not consider the
speaker’s role in utterance formation and the relative position of other words to the target
utterance. To address these issues, DialogueGCN [37] is a graph convolutional neural
network that utilizes interlocutor’s self and inter-speaker dependencies to model dialogue
context for emotion recognition. It solves the context propagation problem in RNN-based
methods through graph networks. Shen et al. [38] combined the advantages of graph-based
methods and cycle-based models by treating each conversation as a directed acyclic graph
(DAG), providing a way to combine the information of long-term dialogue and adjacent
context intuitively.

Despite significant progress, many studies have not considered multiple fusions in a
multi-task framework at different stages. Furthermore, we propose to modify the classic
LSTM by incorporating speaker information to better understand the speaker’s emotion
in ERC.
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3. Proposed Method

This section presents our proposed framework, Multi-Task Learning and Multi-Fusion
for AudioText Emotion Recognition in Conversation (MMATERIC), summarized in Figure 1.
MMATERIC takes audio and text as input and is jointly trained on multiple tasks, such as
audio emotion recognition, text emotion recognition, and fusion of the two.

/ Central Knowledge Processor \

Text Input —>

Text Feature
Net

Audio Input }—)

Audio Feature
Net

ET Decoder : .| Dropout N
: | &Fc Y
SED-LSTM
- HT
.| Speaker Emotion -
Detection Unit Sm .| Fusion | H" | Dropout .YM |
> [oRUy]... [GRU,| Block &FC )
HA
N Decoder [ propout N
“Encoders Y

FA \ SED.LSTM _- &FC / -

Figure 1. The architecture of the proposed MMATERIC framework. A represents audio modality,

and T represents text modality.

3.1. Model Architecture

We use MMATERIC for multi-task learning across different modalities. It consists
of individual feature networks (FeatureNets) for each input modality type, followed by a
central knowledge processor (CKP).

CKP is a model that utilizes a transformer-based encoder to process both audio and
text features. The resulting hidden states are combined using a fusion model and fed into
a speaker emotion detection unit (SED-Unit). The fused hidden state and the previously
encoded hidden state are then passed into a speaker emotion detection Bi-LSTM (SED-
Bi-LSTM). In the next step, one or multiple tasks of the ERC (emotion recognition and
classification) are performed depending on the task mode. For unimodal tasks, the decoded
output from the SED-Bi-LSTM is fed into a task-specific head, such as a two-layer classifier
that produces the final prediction. For multimodal tasks, the decoded output is sent to the
fusion block, which combines the information from all modalities. The fused information
is then passed through a two-layer classifier to make the final prediction.

Our CKP structure improves upon existing LSTM methods by addressing their limita-
tions in remembering long-term variations of specific speakers. Our experimental results
on two benchmark datasets show that CKP achieves higher accuracy than current well-
known methods. MMATERIC, our model, is simple and can be easily extended to include
additional modalities.

3.2. Feature Networks (FeatureNets)

FeatureNets are used to extract features from input data. In our work, we use both text
and audio modalities. However, other modalities can be added depending on the specific
task, such as video, smell, etc.

Audio Feature Network: Audio features are essential in providing information about
a speaker’s emotional state. We use the openSMILE open-source tool to extract au-
dio features, which provides high-dimensional audio vectors. These vectors include
loudness, Mel spectrum, MFCC, pitch, etc., totaling 6373 features. Subsequently,
we perform dimensional reduction processing on the feature vector through a fully



Electronics 2023, 12, 1534

6 of 15

connected layer, and the processed audio features are expressed as FT € R"*100,

Text feature network: The text input is extracted through Roberta. The model builds
on BERT and modifies some key hyperparameters. It also removes the next sentence
pretaining objective and trained with larger batches and learning rates. We tried
feature embeddings using different pretained models, such as GloVe [39], and only
Roberta pretained embedding led to significant performance gains. The textual
features are represented as FT € R"*1024,

3.3. Central Knowledge Processor (CKP)

CKP is the core component of the MMATERIC framework, and it is composed of
several modules that work together to enable multimodal emotion recognition. Specifically,
the CKP module includes an encoder with multimodal attention, a speaker emotion detec-
tion unit (SED-Unit), a decoder with speaker emotion detection Bi-LSTM (SED-Bi-LSTM),
and a feature fusion block. In this section, we present CKP in detail.

3.3.1. Encoder with Multimodal Attention

Based on the attention mechanism in neural machine translation, we developed a
multimodal attention method to focus on the emotional aspect of the text and audio context.
The self-attention mechanism in transformers is well suited to capture global temporal
dependence in sequential data, and its parallel structure makes data processing more
efficient. Therefore, we designed our encoder module using two transformer structures,
as follows:

XT = Try(Tri(FT)), @
XA = Try(Tri (FA)), ()

where Tr is the operation function of the transformer encoder, and XT and X* are the
encoded feature representations for text and audio, respectively. In our transformer, we
introduced a pair-wise intra-modal attention mechanism, which includes text-to-text intra-
modal attention and audio-to-audio intra-modal attention, to learn the representation
within each modality. The objective is to emphasize the contributing features by paying
more attention to the respective and neighboring utterances.

3.3.2. Speaker Emotion Detection Unit (SED-Unit)

We use a gated recurrent unit (GRU) network to capture speaker information, with one
network per speaker. To input data into the SED-Unit, we combine audio and text features
using a fusion method we describe in Section 2.3. This approach involves extracting features
from separate networks for audio and text, and then fusing them together.

In Section 3.3.4, we discuss our MultiFusion strategy in more detail. Specifically, we
present the fusion block as our next stage fusion method. The GRU network encodes both
the current utterance and the previous speaker states, generating the current speaker state
as output. Suppose there are m speakers, for the current moment #:

St+ = GRU(concat(FL,F), Siy_1), ®)

where k € [1,m], t € [1,n], nis the number of utterances in a conversations. S ;1 and Sy ;
are the previous and current speaker state.

3.3.3. Decoder with Speaker Emotion Detection Bi-LSTM (SED-Bi-LSTM)

We use bidirectional LSTM as the decoder. The conventional LSTM can capture long-
term dependencies in the sequence and solve the gradient vanishing problem. However,
it only considers the output related to the previous states at the current time step, not
associating it with the future states. In comparison, Bi-LSTM handles the complexity
of emotional changes in conversation in the previous and future states. The Bi-LSTM
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structure of the decoder is schematically shown in Figure 2. The inputs to the decoder
include the speaker emotion detection unit’s output and the encoder modules’ outputs.
The decoder produces feature representations for classification in single tasks and multi-task
fusion scenarios.

The output of the text modality and the audio modality from the encoder unit (X =
(xlT, sz, ..xtT.., xh), XA = (xf‘, xé“, ..x{‘.., x})) are used as input x; to the decoder respectively,
and the LSTM unit operation is formulated as

fr=0c(Wgxt + Ughy 1 + Vst + by), 4

iy = c(Wixy + Uihy 1 + Visy + b;), (5)

or = oc(Woxt + Uohy—1 + Vost + bo), (6)

& = tanh(Wex;_1 + Uchy 1 + Vs + be), @)
a=fiOc1+it©8, 8

hy = 0y ® tanh(cy), 9

where f;, it, 0, and c; are the forget gate, input gate, output gate, and cell state at time .
Wiy, Uy, Vi, b(') are learned parameters. o is the sigmoid activation function. f;_; and ¢;_1
are the output and cell state at time t — 1. s; is the state information of the current speaker at
time ¢. © denotes the element-wise product. The modal superscript is omitted for simplicity.
The memory cell c; is the core of the LSTM. It records the input history. The three gates
are functions of the current time input x; and previous output state h;_;. The input gate
ir moderates the input information flow. The forget gate f; controls if the LSTM forgets
its previous memory cell c;_j. The output gate manages the amount of information from
¢t to the output state ;. We modified the classic LSTM to add a speaker state to better
comprehend the speaker’s emotion in the ERC. In this way, the combined three gates and a
memory cell, with enhanced LSTM capability, make SED-Bi-LSTM a better decoder model
fit to our proposed framework.

(hg) (hg) (ae) (hy)
NN |
«— LSTM LSTM '« ) LLEI LSTM
LSTM LSTM » » LSTM —
I {
o0 M @D ®®

Figure 2. Network architecture of the speaker emotion detection Bi-LSTM (SED-Bi-LSTM), S; and
X} are speaker state and encoded audio or text representation.

3.3.4. Feature Fusion Block

By understanding how text, audio, and other modalities interact in multimodal lan-
guage, we can improve our ability to recognize the speaker’s intentions. Multimodal fusion
allows us to leverage the complementary information available in multimodal data, which
can reveal how information depends on different modalities. To maximize this discovery,
we can use a combination of fusion methods.

In our approach, we use model fusion in the SED-Unit and experiment with various
fusion strategies in the fusion block to identify the most suitable one for our overall
architecture. The fusion block comprises four fusion models: later fusion DNN (LF-DNN),
tensor fusion network (TFN), low-rank multimodal fusion (LMF), and weight fusion (WEF).
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We compare the performance of each fusion strategy within the block to determine the
optimal one.

LF-DNN: This model learns features separately for audio and text, and then concate-
nates them before the final classification.

TEN [40]: TEN first expands the dimensions for each modality, and then applies the
outer product on the expanded features to create a multi-dimensional tensor. This
approach captures both intra-modal and inter-modal dynamics. However, the high
dimensionality of the resulting feature vector makes it challenging to learn and com-
putationally expensive.

LMF [41]: LMF aims to improve the efficiency of tensor-based multimodal fusion
methods by using modality-specific low-order factors. By decomposing tensors and
weights in parallel, it performs multimodal fusion to learn both modality-specific and
cross-modal interactions.

WEF: Audio and text modalities may convey different emotional expressions, and a
weighted fusion strategy is used in this model to capture these differences. By model-
ing the features from different modalities with appropriate weights, it aims to identify
the speaker’s emotion accurately:

HM = wy « HT 4 w, « HA, (10)
where w; and w; are trainable parameters, and w; + wy = 1.

3.4. Optimization Objective

We used cross-entropy loss as the model loss function. It is defined as follows:

N . .
toss = min(y 3~ YLy 1)) (1)

n=1 i

where N is the total number of samples in a batch. i € {M, T, A} “M” represents a
multimodal task, “T” and “A” represent a text task and an audio task, respectively. L(y},, 7},)
represents modal i’s cross-entropy losses in the n-th sample.

3.5. Multi-Task Learning

The shared representation receives error gradients from all three tasks, enabling it to
adjust the model’s weights. As a result, the shared representations are not biased toward
any particular task, which helps the model achieve generalization across multiple tasks.
For instance, when training the model on task A, we aim to obtain a robust representation of
task A while disregarding noise in the data and improving the generalization performance.
Since different tasks have varying levels of noise, training two or more tasks simultaneously
can lead to a more generalized representation.

4. Datasets, Experiments, and Analysis

To evaluate the performance of our proposed framework, we conduct experiments
on the public emotion dataset—IEMOCAP and MELD. In this section, we first detail the
datasets we use and their properties. Further, we present our experiment baselines. Then
the experimental setup is described, followed by the experimental results and analysis of
the proposed framework.

4.1. Datasets

IEMOCAP [27]: The Interactive Emotional Dyadic Motion Capture (IEMOCAP) dataset is
a standard English dataset. It consists of 136 rounds of conversations collected by a total of
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10 participants. There are a total of 10 speakers grouped into five pairs. The first four pairs
of conversations are used as the training set, and the remaining is used as the test set.
MELD [32]: The Multimodal Emotionlines dataset (MELD) has 13.7 h of conversations
extracted from the Friends TV series. MELD contains multiparty conversation. There is a
total of 1400 rounds of conversation and 13,000 utterances. To evaluate the performance
of our proposed framework, we conduct experiments on the public emotion dataset—
IEMOCAP and MELD. In this section, we first detail the datasets we use and their properties.
Further, we present our experiment baselines. Then the experimental setup is described,
followed by the experimental results and analysis of the proposed framework.

4.2. Baseline and Other Well-Known Methods

To provide a comprehensive evaluation of MMATERIC, we compared our model with
several baseline methods:

ICON [42]: It is a multimodal sentiment detection framework based on interactive
session memory network (ICON). By connecting the historical dialogue between two
people with the same layer of GRU and using GRU to model the following multimodal
input in each memory network, the emotional influence of the self-speaker and the
inter-speaker is modeled hierarchically into the global memory.

DialogueRNN [36]: It is based on recursive neural networks that track the state of the
parties throughout the session and uses this information for emotion classification.

DialogueGCN [37]: This method is based on a graph convolutional neural network.
It resolves the problem of context transmission in the current RNN-based method by
using interlocutor self-dependence and interspeaker dependency to model the context
of dialogue in emotion recognition.

COIN [43]: COIN is a conversational interaction model that focuses on the interac-
tions of different speakers at the speaker-utterance level by applying state interactions
in historical contexts and introduces a stacked global interaction module that captures
context and interdependent representations in a hierarchical manner. In addition,
small perturbations are added to the input of multimodal features to generate adver-
sarial examples to improve the robustness and generalization of the training process.

Iterative [44]: An iterative emotion interaction network is proposed. The model uses
the emotion label of iterative prediction to replace the actual emotion label. In the
iterative process, the prediction is constantly corrected. The input is feedback to
realize gradually enhanced explicit emotion interaction, which effectively retains
the performance advantage of explicit modeling and can realize effective prediction
correction in the iterative process.

COSMIC [45]: COSMIC is a commonsense-guided framework for ERC. By building
an extensive knowledge base of common sense, the proposed framework captures
complex interactions between personalities, events, mental states, and intentions
better to understand emotional dynamics and other aspects of the conversation.

EmoBERTa [46]: EmoBERTa is an abbreviation of “Speaker conscious emotion Recog-
nition in Conversation with RoBERTa”. By simply placing the speaker’s name before
the utterance and inserting a separator symbol between the utterance in the conversa-
tion, EmoBERTa can learn the state and context within and between the speaker to
predict the current speaker’s mood in an end-to-end manner.

DAG-ERC [38]: It encodes dialogue through the directed acyclic graph. It combines
the traditional graphics-based neural network model with the recursion-based neural
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model. This new encoding method can better combine the information of long-term
dialogue and the information of adjacent context.

Our experiment report is shown in Table 1. It compares the performance of MMA-
TERIC on the test data to other well-known methods.

Table 1. Comparison results on MELD and IEMOCAP datasets. Our model results are obtained for a
single task combined with weight fusion. The results of the baselines are retrieved from the original
papers. The scores in italics are recovered from our experiments using the original models.

IEMOCATP (6-Cls) MELD (7-Cls)
Methods Weighted Weichted
Accuracy eighte Accuracy eighte
Average F1 Average F1
ICON 64.0 63.5 - -
DialogueRNN 63.4 62.75 59.54 57.03
DialogueGCN 65.25 64.18 59.46 58.1
DialogueCRN 66.05 66.20 60.73 58.39
COIN 66.05 65.37 - -
Iterative - 64.37 - 60.72
COSMIC 64.14 64.02 66.21 64.52
EmoBERTa - 67.42 - 65.61
DAG-ERC 67.82 67.89 63.98 63.63
MMATERIC 70.55 70.52 66.67 65.27

4.3. Experiment Setup

We conducted our experiments using PyTorch to implement all the networks. We set
the hidden layer dimension of the LSTM and GRU units to 256, and used a bidirectional
structure for the LSTM and a unidirectional structure for the GRU. The loss function we
used was cross entropy, and we initialized the learning rate to 1 x 103, with a decay rate
of 0.97. The batch size was set to 60. To evaluate the performance of our model, we used
accuracy and the weighted-average F1 score as metrics.

4.4. Experiments
4.4.1. Comparison with Other Models

Table 1 presents the results of our MMATERIC framework in comparison to other
methods on the IEMOCAP and MELD datasets. Our approach consistently outperforms
the baseline models in terms of accuracy and F1 score, except for the weighted average
F1 score on the MELD dataset for EmoBERTa, where EmoBERTa achieves a slightly better
F1 score. It is worth noting that EmoBERTa’s approach involves considering past, current,
and future conversations to determine the emotion of the current conversation. This context-
based approach improves their emotion recognition performance. However, in practical
applications, the use of future conversations is often impossible, as they have yet to happen.
In their experiments, when only considering past and current conversations, EmoBERTa
achieves an F1 score of 64.55 on the MELD dataset, which is lower than the performance of
our proposed MMATERIC model in the same settings.

Our approach achieves better performance than EmoBERTa and other well-known
models mainly due to our CKP structure, which can remember long-term variations of
specific speakers. Additionally, we incorporated speaker information, conducted multi-
stage fusion, and utilized MTL to share relevant knowledge during the learning process.
The correlation in MTL between tasks improves the model’s performance, resulting in the
observed performance gain over other models.

4.4.2. Comparison of Single-Task and Multi-Task

We compared the performance of our model, combining different fusion approaches
in single-task and multi-task; results are shown in Table 2. Compared with single-task
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models, multi-task models perform better in the IEMOCAP dataset, while the reverse is
true in the MELD dataset. We speculate that this is due to the small number of participants
in the IEMOCAP dataset, which allows our model to differentiate better. In contrast,
the dialogues in the MELD dataset involve too many plot contexts, making emotion
recognition more challenging.

4.4.3. Comparison of Multi-Fusion

Table 2 shows the different fusion strategies on both single-task and multi-task ex-
periments. Different fusion strategies perform differently for single-task and multi-task
learning. In particular, late fusion methods, such as LFDNN (late fusion DNN) and WF
(weighted fusion), generally achieve enhanced accuracy and F1 score on both datasets in a
single task. For multi task, TEN (tensor fusion network) and WF have better performance
on both datasets.

Compared to other complex models, our model, shown in bold in Table 2, outperforms
other baselines using weighted fusion. Late fusion methods, such as LFDNN (late fusion
DNN) and WF (weighted fusion) generally achieve enhanced accuracy and F1 score on
both datasets because they combine the predictions of multiple models or features, which
allows them to capture more information and make more accurate predictions. TFN is a
fusion technique that uses a tensor decomposition approach to combine different modalities
of data. Like TFN, LMF is a fusion technique that uses low-rank matrix decomposition
to combine different modalities of data. While the performance of those four different
fusion models depends on our experiment settings, WF is the best from our experiments.
Therefore, it is not necessarily to say that any other fusion techniques is universally not
better than WE. Furthermore, our experiments found that the results obtained from the
IEMOCAP dataset generally perform better than those of the MELD dataset. Compared
with the MELD dataset, the IEMOCAP dataset is more standardized. The MELD dataset is
from the TV series Friends. Many dialogues are related to the daily conversation context,
so the standardization may take time to formulate.

Table 2. Comparison of single-task and multi-task results with different fusion strategies on MELD
and IEMOCAP datasets. The models with > are multi-task models. The symbol {} means improve-
ments or reductions in multi-task compared to single-task models in the current evaluation metric.
green mean positive upper direction arrow, a gain or an improvements in performance for multi-
task models compared to single-task models. red means negative direction arrow, a decrease in
performance for multi-task models compared to single-task models

IEMOCAP (6-Cls) MELD (7-Cls)
Methods Accurac Weighted Accurac Weighted
y Average F1 y Average F1
LMF 66.36 66.38 65.94 64.52
MLMF > 70.73 70.80 65.59 64.97
) —0.35
TFN 69.69 69.72 65.96 65.01
TEN > 71.16 70.91 65.82 65.67
) —0.14
LFDNN 69.69 70.06 66.57 65.12
LFDNN > 70.43 70.71 65.13 64.98
T —1.44 —0.14
WEF 70.55 70.52 66.67 65.27
WF > 70.60 70.71 65.79 65.17

f —0.88 ~0.10
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4.4.4. Representations Differences

We use T-SNE [47], a dimensionality reduction visualization tool, to project highly
dimensional features into a two-dimensional space. Specifically, our original data size is
[batch size, dimension, length]. After using the T-SNE tool, it becomes two-dimension data,
which are [batch size, process-dimension]. As a result, the data can be projected into a
two-dimensional space.

Figure 3 shows the data projection in the two-dimensional space. It presents a pro-
gressive processing of feature presentation in both single-task multimodal and multi-task
multimodal scenarios.

Our motivation for proposing multi-task-based multimodal learning is that in multi-
modal learning, if the representations of different modalities are very similar, there will be
a lack of complementarity between different modalities, thus affecting the performance of
multimodal learning.

FT and F4 in Figure 3 are the extracted feature representation from FeatureNets. XT
and X are the feature representation from the output of the text and audio encoders. H”
and H* are the feature representation from the output of the text and audio decoders.

Differences in the distribution of F* and F*
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Figure 3. The different modal representations obtained at different stages of the single-task and
multi-task multimodal models; the red dots and blue dots represent the single-modal characteristics
of text and audio respectively.

The distribution difference of XT and X4, HT and H# in a multi-task multimodal
model is more significant than that in a single-task multimodal model, which means the
multi-task multimodal learning has a better representation of different modalities and in
different stages than single-task multimodal learning. Therefore, multi-tasking multimodal
learning has better results than single-tasking multimodal learning.
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5. Ablation Studies

In order to find out the impact of a sub-task of a single modal on the multimodal,
we combined different single-modal tasks with the multimodal task to experiment with
multi-task learning. The experimental results can be seen in Table 3, which shows how the
multimodal task “M” is impacted by single modal task “T” and/or “A”.

Table 3. Results for multimodal sentiment analysis with different tasks using MLME. “M” is the main
task, and “A, T” are auxiliary tasks. Only the results of task “M” are reported.

IEMOCAP (6-Cls) MELD (7-Cls)
Methods . .
Accuracy Weighted Accuracy Weighted
Average F1 Average F1

M 66.36 66.38 65.94 64.52

M, A 69.62 69.75 66.36 65.11
M, T 69.93 69.62 66.59 65.29
M,A,T 70.73 70.80 65.59 64.97

From the experiment results, after adding single modal tasks “A” and “T”, the mul-
timodal task “M” performance is enhanced slightly. When it only has multimodal “M”,
the text encoder and audio encoder are only supervised by multimodal loss; therefore,
they have close results in representation though they have different modalities because
those modalities lack complementarity. While adding single modal tasks “T” and “A” for
multi-task learning, the text encoder and audio encoder are supervised not only by their
joint loss but also by their individual loss. Hence, the representation differences between
different modalities are increased. It, therefore, improves the complementarity among
different modalities, improving the performance on multimodal tasks.

6. Conclusions

In this paper, we present a novel framework for the emotion recognition in conversa-
tion (ERC) task, called multi-task learning and multi-fusion (MMATERIC). Our framework
employs multi-task learning and multimodal fusion to capture emotional information from
different modalities in conversation. Firstly, we leverage the feature networks compo-
nent to model the text and speech conversation information; then, we employ the central
knowledge processor to fuse multimodal representation. Specifically, we introduce speaker
emotion detection unit feeds into the LSTM sequentially, allowing for better tracking of
the emotional states of the different speakers and utilizing multimodal emotional features
during conversation modeling. Further, a multimodal fusion mechanism is employed
to extract vital information from different modalities, thereby improving the ability for
multimodal emotion learning. Experimental results on two benchmark datasets show that
our proposed MMATERIC framework outperforms previous state-of-the-art methods in
the ERC task.

However, we acknowledge that our work does not currently incorporate the speaker’s
background knowledge, which could further enhance emotion recognition in ERC. To ad-
dress this limitation, we plan to incorporate speaker knowledge grounded conversation
with a global emotion state in our future work. Additionally, our model updates the utter-
ance state using only limited information from recent utterances through a recurrence-based
model. We believe that by combining this model with a graph-based model, we can gather
information from nearby as well as distant utterances to better model the conversation
context. Finally, we also plan to extend our framework to include video, audio, and text
modalities in our future work. Overall, we believe that these extensions will enhance
the performance of our MMATERIC framework and enable better emotion recognition
in conversation.
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