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Abstract

Speech emotion recognition (SER) is the task of automatically recognizing emotions expressed in spoken

language. Current approaches focus on analyzing isolated speech segments to identify a speaker’s emotional

state. That being said, models based on text-based emotion recognition methods are considering conversa-

tional context and are moving towards emotion recognition in conversation (ERC). With the availability of

multimodal datasets, ERC can be extended to non-text modalities as well. Building on these advances, in

this thesis, we propose SERC-GCN, a method for speech emotion recognition in conversation (SERC) that

predicts a speaker’s emotional state by incorporating conversational context, specifically speaker interac-

tions, and temporal dependencies between utterances. SERC-GCN is a two-stage method. In the first stage,

emotional features of utterance-level speech signals are extracted using a graph-based neural network. Here

each individual speech utterance is transformed into a cyclic graph. These graphs are then processed by a

two layered GCN architecture followed by a pooling layer to extract utterance-specific emotional features.

In the second stage, these features are used to form conversation graphs that are used to train a graph

convolutional network to perform SERC. We empirically evaluate the effectiveness of SERC-GCN on two

benchmark dataset; IEMOCAP and MELD. Results show that SERC-GCN outperforms existing baseline

approaches on these datasets.
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Chapter 1

Introduction

Conversations are the most basic interactive medium of communication. We engage in conversations almost

every day of our lives. Messages in conversations may be task-oriented, or just general chit-chat, but they

naturally convey emotion within the conversation. How can we enable machines to understand this emo-

tional context? With the availability of large online datasets from social media websites (such as Facebook,

Instagram, YouTube, Reddit, and many more), and the existence of conversational agents such as Amazon

Alexa, Apple Siri, and Samsung S Voice, the development of emotion-aware dialogue systems have attracted

considerable attention from the research community. The availability of a large number of conversation

datasets (e.g.,[1], [2], [3]) supports this research as well. The aim of emotion analysis is to make a machine

aware of the feelings and emotions of the person participating in the conversation. The challenge in this is

that it is not easy to enable a machine to analyze the emotions in conversations since people often commu-

nicate emotion in very subtle ways relying on context and commonsense knowledge to encode emotion [4],

which can be difficult to be identified by a machine.

To help introduce the task, consider the dialogue shown in Figure 1.1. This shows a sequence of only
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Figure 1.1: A turn-taking dialogue between two speakers A and B.

utterances between speakers A and B and the emotions associated with each utterance. In order to under-

stand the conversation it is important to know the context because a conversation is a dynamic interaction

in which each speaker conveys emotional messages. Having contextual information and commonsense knowl-

edge can be very helpful in dialogue systems [5]. This context includes the order of utterances and the

speaker associated with each utterance. We will return to this observation shortly.

Emotions expressed by a human can be captured and assessed by a machine in a variety of ways. Humans

have access to a number of perceptual systems that can be leveraged to understand the emotion portrayed by

the speaker including through vision and the processing of facial expressions (e.g., [6], [7]), hand gestures[8],

text [9], and through audio and the acoustic nature of speech [10]. Understanding how a person is feeling

over only a very short period of time helps to make emotion recognition a hard problem. But it was also the

predominant approach taken in the early literature. An alternative approach, and the approach taken here,

is to seek to estimate emotional context within a conversation to leverage the context and temporal nature

of emotion recognition.

Emotion recognition in conversation (ERC) is the task of recognizing a speaker’s emotion from an ut-

terance in a conversation [11]. ERC has promising applications in many fields, such as recommendation

systems, human-machine interaction, and medical care. Given a sequence of utterances in a conversation, as
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shown in Figure 1.1, along with speaker information of each constituent utterance, the ERC task is typically

formulated as the process of identifying the emotion of each utterance in the conversation from one of several

pre-defined emotion classes.

There has been a long history of research in ERC using text data alone, but now with the availability of

multimodal conversational datasets the ERC task can be expressed in terms of a range of different modalities

including visual, text and audio cues, and their integration. Emotion analysis through text data alone can

be very difficult. The limited nature of text can make emotion recognition ambiguous. For example, some

individuals are more sarcastic than others which can be reflected in the voice but difficult to recognize

when presented as text. For a sarcastic individual, the intent of certain words varies depending on if they

are being sarcastic. Consider this example between person A and B. A utters “The party order has been

cancelled.”, B then utters “This is great!!”. If B is a sarcastic person, then their response expression shows

negative emotion. The word great is being expressed sarcastically. On the other hand, B’s response, “This

is great”, might not be taken sarcastically if B is impacted positively by the cancellation. In this and similar

situations, incorporating the nature of an audio utterance could be beneficial to understanding the tone of

the utterance. In this work, we focus on audio (speech signals) as speech is an efficient and essential bridge

in human communication [12].

Speech is a complex signal that contains information about the message, the speaker, the speaker’s gender,

intent, and emotions combined within it. Speech Emotion Recognition (SER) attempts to identify and detect

human emotions by capturing and characterizing emotion attributes in speech utterances. Understanding the

emotional state of the speech signal has also become a major research topic in Human-Computer Interaction

(HCI), where it can enhance the emotional intelligence of the machine and makes the conversation more

natural, in sync with the topic of the conversation, and more harmonious [13].

Beyond the modalities used to encode each speech utterance as described in [11] there exists a number of

factors that influence the emotional structure of conversation including topic of conversation, the speaker’s

3



personality, argument logic, intent, viewpoint and speaker’s emotional state. Previous emotion recognition

systems typically ignore conversation specific factors in their analysis. However, this contextual information

plays an important role in emotion recognition. In this work, I focus on incorporating contextual information

and speaker dependency in speech utterances in modelling Speech Emotion Recognition in Conversation

(SERC). It is expected that the basic approach considered here could be adapted to a range of other

properties associated with the conversation (e.g. text, facial gestures, etc.). The main research question

I am exploring is “Can we enhance existing SER approaches through the use of conversational context”?

1.1 Motivation

Emotion Recognition in Conversations (ERC) and speech emotion recognition in conversations (SERC)

in particular, is becoming an increasingly popular component in developing sympathetic human-machine

interaction as it can be used to tailor an interaction to the perceived emotional state of the human. ERC

is an active research topic due to its various applications, perhaps most especially in dialogue systems

for human-computer interaction. The goal of human–computer interaction is not only to create a more

effective and natural communication interface between people and computers, but also to create an attentive

aesthetic design [14], provide a pleasant user experience [15], help in human development [16], and enhance

online learning [17], among other goals. Since emotions form an integral part of human interactions, they

have naturally become an important aspect of the development of effective HCI where conversational bots

understand users’ emotions and sentiments to generate emotionally coherent and empathetic responses [18].

A practical example of the need for speech emotion understanding and using this approach in interaction

is shown in Figure 1.2. Sentrybot is a social robot designed to provide physical security to a facility and

interact with visitors as it monitors the environment and reports on anomalies. With user interaction in

the environment, Sentrybot could be used to assist in the de-escalation of civilian situations that could lead

to open conflict, if left unchecked [19]. In conflict situations to achieve de-escalation is quite a complex

4



Figure 1.2: The Sentrybot showing its sentiment-informed avatar interface. Details on the robot can be

found in [19].

task. This task requires a lot of different components to work together and is a collaborative exercise. It

requires the system to monitor the emotional state of the human user, and also to express sentiment and

conversational output in order to engage with users in socially effective ways. By generating personalized

and natural responses, the system might be used to establish trust that can help to de-escalate a situation

or a conflict.

For SER and SERC many different computational approaches have been proposed for emotion recognition,

but in general, they have not considered the issue of speaker dependency even though the nature of speech is

intrinsically speaker dependent as human speech production is the result of controlled anatomical movements

of the lungs, trachea, larynx, pharyngeal cavity, oral cavity, and nasal cavity [20]. In the thesis, I incorporate

contextual information and speaker dependency when modelling conversations.
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1.2 Current approach

Assigning an emotional label to a given utterance involves developing a computational structure that can be

used to do this assignment. Early work in this task relied on statistical models while most modern approaches

are AI based. Current approaches to SER and SERC focus on analyzing isolated speech segments (i.e., an

individual utterance considered in isolation) to identify a speaker’s emotional state [21]. A major challenge

in SER is that emotion-relevant information is scattered throughout different parts of the conversation. It

is not easy to capture this distributed information. An efficient modeling capacity for long-term context is

needed [22]. Speech emotion recognition in conversation attempts to identify and detect human emotions by

capturing and characterizing emotion attributes in speech utterances within the conversational context rather

than in isolated utterances [23]. The SERC problem involves two challenging tasks: (i) extracting utterance-

level features, and (ii) modeling utterance dependencies in a conversation related to context, temporal and

speaker dynamics [11]. Both parts are essential for effective emotion recognition.

1.3 Current limitations

Many, audio-based SER methods extract low-level descriptors (LLDs) from raw audio signals [24]. These are

used as input for deep-learning models such as long-short-term memory networks (LSTM) [25], and convo-

lutional neural networks (CNN) [26] to extract utterance-level features. Based on the network architecture

nature, mostly deep learning SER models require equal-length input for all utterances during training. This

can be achieved by padding the shorter utterances and truncating the longer utterances but it can lead to

missing audio frames and noisy information [22]. As proposed by [27], adopting repeat frame padding or

cycle padding can help to overcome this problem. But still the models do not preserve long-term emotional

dependency on their own. For example, LSTMs model are able to capture the temporal nature of emotional

speech dynamics [28], but this approach if incorporates various factors that influence the emotional structure
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of conversation leads to a complex architecture with millions of parameters to learn which is computationally

very expensive. Additionally, CNN-based approaches often extract emotional features from speech spectro-

grams for emotion recognition task [29] which is not an efficient approach as spectrograms do not explicitly

model speech dynamics.

More recently, for speech emotion recognition in the literature the performance of LSTM-based and

CNN-based methods have been superseded by the performance of graph convolutional network (GCN)-

based models [30]. These models are more scalable, efficient, and compact and can represent complex

relations and interdependencies in audio data. For example, a graph-based SER model is proposed by [31],

which transforms each speech sample into a cyclic or line graph structure. This transformation simplifies

the convolution operation and results in a more efficient, lightweight model with fewer parameters to train.

Some other graph based approaches have been used [22, 32], and have shown state-of-the-art results. These

models are capable of retaining emotional information and can represent complex dependencies in utterances.

Motivated by this, this work adopts a graph-based approach for utterance-level feature extraction, similar

to the one proposed by [31].

Modeling speaker, contextual and temporal dependencies is an active research topic in emotion recognition

in conversation (ERC) [33, 34, 23]. Vareity of sequential models including GRU [35], BLSTM [36] , RNN [37],

ResNet [38] and transformers [23] have been explored for modeling contextual dependency. However, these

models do not include speaker and temporal dependencies which are essential for emotion recognition task.

With the use of GCN-based models, incorporating context, speaker and temporal dependencies [33, 34] have

achieved promising results for ERC task. For instance, Ghosal et al. [33] model a conversation as a directed

relational homogeneous graph. In this graph, the nodes represent utterances and the edges represent a

dependency between the two speakers of those utterances along with their relative order in the conversation.

Unfortunately, when modeled as a complete graph, this approach results in a highly complicated graph

structure. In addition, with a large number of speakers, the speaker dependencies are not fully encoded

using this graph model. To address this problem Lian et al. [34] propose the use of heterogeneous graphs. In
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the graph the nodes represent both utterances and speakers, and edges are created between immediate past

and future utterances. Also, each speaker node is linked to the speakers associated with these utterances.

This graph architecture can model more complex dependencies.

1.4 Our approach

Our approach to addressing the SERC problem aims at adapting the current state-of-the-art GNN-based

ERC model [33], originally proposed for text-only input, to spoken dialogues, and in our case using audio

data. Also, at the same time address the graph complexity limitation of the model. To address the graph

complexity issue which affects learning meaningful speaker dependencies, the key idea is to adapt graph

sparsi�cation [39]. Sparsification is done by only considering past and future edges that occur within a

small temporal window (recency) when constructing a relational conversation graph. Graph sparsification

effectively eliminates a large number of edges from the original complete graph, while maintaining the most

recent ones. In addition, our graph sparsification preserves a speaker’s relation to its own utterances by

maintaining same-speaker edges in the graph. As a result, we not only reduce the graph complexity but

also manage to model recency and same-speaker dependency (or self-dependency), which are both important

contributing factors in emotion recognition [33, 35, 40].

1.5 Applications

As touched upon earlier, there exists a range of application domains where having the ability to perceive

and respond to human emotional state is regarded as an extremely desirable feature. Currently, emotion

recognition systems are used in a wide variety of applications. For example, anger detection can serve as a

quality measurement for voice portals or call centres [41]. Based on the situation and estimating the emotional

state of the customer it is possible to adapt the provided services to the caller’s estimated emotional state.
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In the area of mental health care, a chatbot with emotion recognition capability is suggested to perform

psychiatric counselling services [42]. It can also be used for services like therapy to comprehend patients

effectively. SER and SERC can be used to provide insights in the underlying emotional state which are

hidden in general see [43] and [44]. Anger detection is also useful in the development of social robots that

interact with the general public and may be required to perform in situations within which upset individuals

might be encountered. Another application domain is vehicle driving system benefit greatly from Speech

Emotion recognition systems. SER provides an important tool towards enhancing vehicle safety [45]. The

SER understands the emotions of the driver and guides against crashes and other road disasters. In civil

aviation, monitoring the stress of aircraft pilots can help reduce the rate of aircraft accidents [46].

Researchers who seek to enhance a players’ experiences with video games and to keep them motivated,

can incorporate an emotion recognition module into their products. [47] describes a multi-modal emotion

recognition system using audio and visual cues to provide a cloud-based gaming experience through emotion-

aware screen effects. It can also be integrated into interactive movies. Here, the emotions of the viewers are

gauged which can enable the producer of the movie to channel, or review such movies to end differently or

maintain their ending as planned [48]. Another practical application of speech emotion recognition exists in

online discussions and tutoring systems. Comprehension of the emotional state of the student can assist the

tool to decide the technique or methodology to be adopted to present the remaining part of the lesson [45].

Perhaps the most general application for emotion recognition is in conversational chatbots, where emo-

tions play a critical role in providing a better conversation [49]. Many people use some intelligent voice

assistant device such as Siri (Apple), Google now, or S-Voice (Samsung). The basic concept of these services

is that they respond to the users’ inputs, such as queries of voice or text, and recommend useful information

to the user based on the query. Incorporating emotional intelligence into these conversation systems can

substantially improve their usability and promote customer satisfaction.
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1.6 Contributions

The contributions of the thesis include:

• We propose SERC-GCN (Speech Emotion Recognition in Conversation using GCN), a two-stage graph-

based deep learning model for the SERC problem [39]. SERC-GCN predicts a speaker’s emotional state

by incorporating the conversational context, speaker interactions, and utterance temporal dependencies

in the model. The model architecture uses a two stage graph-based approach for SERC. In the first

stage, the speech signal of each utterance is represented as a cyclic graph. These graphs are then

processed by a two layered GCN architecture followed by a pooling layer to extract utterance-specific

emotional features. In the second stage, these features are used to initialize the nodes of the conversa-

tion graph and a small temporal window is selected to form relational graphs of each conversation that

are used to train a graph neural network. Our proposed model captures the conversation emotional

dynamics through incorporating context, speaker dynamics, and utterance temporal dependencies.

• The relational graph-based model follows the approach adapted in the text-based GCN model described

in [33], where our model takes into account speaker dependency and is order aware. This work is a

step towards incorporating multimodal information into DialogueGCN model [33] as throughout this

process we use audio utterances rather than text for the analysis.

• By taking into account speaker information/dependency and the relative position of the utterances

in a conversation, our approach improves context understanding for utterance-level emotion detection

in conversations and can be used to help create a richer context for relevant information to perform

emotion recognition in conversations.

• We empirically evaluate the performance of our model on two benchmark datasets: IEMOCAP [2]

and MELD [1]. The IEMOCAP dataset is a dyadic conversation dataset where the utterances in

the conversations are labelled with the desired emotion. IEMOCAP was created using actors who
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present their utterances using an acted emotional state. MELD is a multi-speaker dataset where the

conversations take place between more than two people. MELD is based on conversation from the

Friends TV show.

• For the IEMOCAP dataset, we develop two different utterance-only SER models. Set-1 is trained on

the emotion categories: happy, sad, neutral, angry and excited. For this dataset our SERC-GCN model

outperforms standard baselines. Specifically, it outperforms the second best model, Graph-SAGE, by

2.17% and 1.73% for weighted accuracy (WA) and unweighted accuracy (UA), respectively. SERC-

GCN also outperforms Compact-SER [31], which is the underlying method used in the context-free

stage of SERC-GCN. We also compare our model with other baselines of utterance-only SER models

trained on a different set of emotion categories Set-2 from IEMOCAP: angry, frustration, happy,

neutral, and sad. On this dataset our model shows an improvement of 1.2% in terms of macro F1 score

as compared to transformer which shows the second best score. Comparing with conversational SER

models for the emotion categories on Set-2 SERC-GCN outperforms all other SERC baselines. There

is an improvement of 3.4% over the ResNet+Transfomer model [23] which is the second-best approach.

• For the MELD dataset, comparing our approach with the conversational SER baseline models for the

emotion categories: angry, disgust, sadness, joy, surprise, fear, and neutral our model outperforms the

all other models with an improvement of 5.9% over the graph-attention model [34] which is the second

best approach for the dataset.

• This work has been accepted for presentation in the IEEE International Conference on Acoustic,

Speech, and Signal Processing (ICASSP 2024) and will be presented in Coex, South Korea on April

14-19, 2024 [39].
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1.7 Thesis outline

The rest of the thesis is organized as follows. In Chapter 2 we look at related work in emotion recognition

in conversation and introduce the technical problem of interest in speech emotion recognition. Chapter 3

formally introduces the task of speech emotion recognition in conversations and describes the training of

Stage One and Stage Two methodology. An extensive set of experiments with two benchmark datasets that

evaluate the performance of our approach is presented in Chapter 4, and finally, we conclude the thesis and

discuss future work in Chapter 5.
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Chapter 2

Background

2.1 Introduction

The current pandemic has highlighted the need for interactive sentiment-aware software systems, especially

socially aware robot systems. Due to the labor shortages in the service sector and public health concerns

around transmission, there has been a growing trend in deploying autonomous systems in various traditional

roles such as server robots in restaurants, companion robots in long-term care homes, and security robots in

public spaces, to name a few examples. To be successful, social robots should be able to communicate with

a wide range of individuals under a variety of interaction scenarios [19]. Understanding and being aware by

the emotion being expressed by an individual is key in human-human interaction [50], and is likely to be

critical for effective human-robot interaction as well [51].

Humans express emotions in multidimensional ways, including through facial expressions, body language,

hand gestures, the acoustic nature of speech, and text utterances. Emotion recognition is essential for effective
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human-to-human communication, for the development of neutral human-computer interaction generally, and

for the development of autonomous robots that interact with humans. Many researchers have adopted an

interdisciplinary approach to recognizing emotions in conversations that uses advanced AI techniques and

emotion models adapted from psychology. Machine learning methods can detect emotions by learning the

features of emotions expressed through different modalities including text, speech and facial data, along

with body language used including expressions, hand gestures and body movements. Psychology provides

the emotion categorization theories that are needed to annotate and classify the data. Efficient and effective

emotion recognition systems have been obtained by integrating a machine learning (ML)-based approach

and the knowledge from other domains as illustrated in Figure 2.1.

Emotion recognition allows us to adapt the behavior of robots and other interaction mechanisms that

share spaces with humans based on the emotional state of the human involved in the interaction. For example,

a robot might assume the initial condition of the human to be neutral at the start the conversation. As

the interaction continues the robot could adapt to the evolving emotional state of the user. The sensing

capabilities of autonomous robots and interactive systems more generally can gather a wide range of multi-

modal content, from which emotions and emotional state can be estimated.

2.2 Emotion recognition in conversation

Developing an emotionally aware robot requires solutions to a wide range of tasks from generating an

emotionally-informed visual presence to integrating emotion into uttered responses, both in terms of the

actual words used and the way in which they are uttered, to how the robot moves through its space, to how

it presents visually. Beyond these capabilities, a key enabling technology in the development of such robots

is the development of technology that understands the emotional content, the sentiment, of utterances made

by individuals in their interaction with the robot and others. Sentiment analysis and emotion detection in

conversation is key in several real-world applications, with the use of modalities such as text, speech, video
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Figure 2.1: Emotion Recognition an interdisciplinary approach.

and their integration providing an understanding of the underlying emotions being presented.

More formally, Emotion Recognition in Conversations (ERC) is the task of recognizing emotions from

utterances in a conversation [11]. Given a set of utterances in a conversation, as shown in Figure 2.2, along

with speaker information of each utterance, the ERC task aims to identify the emotion of each utterance

from a set of pre-defined emotion classes. Utterances take place in sequence and are associated with a

given speaker, and the sentiment of a given utterance depends on many factors. Although there has been a

long history of research in ERC, previous emotion recognition systems typically ignore conversation specific

factors such as the presence of contextual information, speaker-specific information and the temporal nature

of conversations and concentrate on the emotional content of the utterance in isolation [11]. However,

contextual information plays an important role in ERC and this information can be used to develop effective

ERC systems.
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Figure 2.2: A turn-taking dialogue between two speakers A and B.

In order to understand this problem more concretely consider a dyadic (turn-taking) conversation between

two speakers A and B as shown in Figure 2.2. Here U1, U3 and U5 are the utterances from speaker A

and U2 and U5 are the utterances of speaker B. During the interaction the emotions change for both the

speakers as emotions are the outcomes of our responses based on the situation [12]. As the interaction

continues between the speakers there are various factors that need to be considered in order to understand

the emotional dynamics of the conversation. Poria et al. [11] identified the following factors that affect the

conversational dynamics; the topic of conversation, the speaker’s personality, argumentation logic, intent,

viewpoint, and the speaker’s emotional state. In general, conversations can be categorized into two broad

groups: task oriented conversations which are usually formal and short and non-task oriented conversation

which can generally be described as “chit-chat” and may be quite long and might cover a range of unrelated

topics. Still, both kinds of conversation include the above-listed factors [11].
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Figure 2.3: Ekman’s emotion classes categorization. Redrawn from [55].

2.2.1 Emotion categorization

The psychology literature contains many theories that deal with the conceptualization of emotion in conver-

sations. These theories use a range of different approaches to categorize or model emotions based on distinct

emotion classes or labels. These models typically assume that some set of discrete emotion categories exist.

Some of the key theories are reviewed here. For a more detailed review of emotion categorization from the

psychological literature, see ([52], [53], and [54]). Here we describe the two most commonly used emotion

categorization theories in detail.

Perhaps the most popular emotion categorization theory is due to Ekman [55], who proposed that emotions

are biological in nature and that all individuals are born with the ability to experience the same set of

emotions. Within this theory he identified six basic emotions that are universally experienced in all cultures.

His rationale for this is that he believed emotions that are commonly fit for the needs of life are developed
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Figure 2.4: Plutchik wheel of emotions. Redrawn from [56].

early in life and are universally expressed by the same facial expressions. The emotion labels categorized by

Ekman are shown in Figure 2.3 and are: anger, neutral, fear, joy, sadness, and surprise. One criticism of

Ekman’s labeling of emotional classes is that it does not provide a natural way of describing the relationship

between them. To overcome this, Plutchik [56] visualized a wheel-shaped set of emotion categories that

provides a logical way of describing feelings and the relationship between them. As shown in Figure 2.4,

Plutchik categorizes emotion into eight categories with four bipolar sets: Joy and Sadness, Anger and Fear,

Trust and Disgust, and Surprise and Anticipation. The reason for choosing these sets is that each primary

emotion has a polar opposite. These categories are based on the physiological reaction each emotion creates

and this also helps to visualize different ranges of emotion in individuals.
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2.3 Text-based emotion recognition

Text-based emotion recognition has become an extremely important and well-researched topic over the

last decade. Text-based emotion analysis has wide application in a large number of domains, from online

transaction analysis to general understanding of textual information. Driven by these and other applications,

text-based emotion analysis has been enabled by the availability of a large amount text data available through

social networks, blogs, and groups where people express and convey their opinions and emotions to others.

There exists a vast literature on emotion detection from text. Text-based emotion classification typi-

cally operates at three levels; the word-level, the phrase-level and at the sentence-level. A recent survey on

text-based emotion detection is given in [57]. This research surveyed the main approaches used for emotion

detection in text including rule-based, hybrid, and machine-learning methods. Regardless of the computa-

tional mechanism used, the basic approach is to assign to a given text sequence one of a number of different

pre-defined emotion labels. Early rule-based and statistical approaches to emotion detection (e.g., [58], [59])

have generally been replaced by machine learning models (e.g., [60], [61], [62] and [63]). The machine learning

approach described in [64] is representative of a data-driven approach. Here a Long-Short Term Memory

(LSTM) [65] model is used for text based emotion classification. The approach uses an emotional word

vector description and a semantic word vector of the input text. An autoencoder is utilized to obtain the

salient features from the emotional word vector. Features extracted by the autoencoder are concatenated

with features in the semantic word vector to form the final textual features for emotion recognition for the

sequence.

There exists a number of similar approaches following this strategy. For example, [66] adopts a pre-trained

BERT model to classify emotions in each utterance of two common datasets, Friends [1] and EmotionLine [3].

[67] uses a BERT-based model trained on a large, manually annotated dataset using 58k Reddit comments

called GoEmotions labelled for 27 emotion categories. [63] reviews transformer-based approaches for text-

based emotion analysis including Generative Pre-Training (GPT) [63], Bidirectional Encoder Representations
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from Transformers (BERT) [68], XLNet [69], and Robustly Optimized BERT (RoBERTa) [70].

To better understand a conversation’s general emotion and user-specific emotion, [37] proposed Dia-

logueRNN, a model based on a recurrent neural network for emotion recognition in conversation. The

network extracts emotions from utterances in a conversation based on three factors; the speaker, the pre-

ceding context in the conversation, and the preceding emotion behind the conversation. To include these

factors into account, the model architecture uses three gated recurrent unit (GRU) to obtain the emotion

representation of an utterance for the classification. Although sequence-based neural networks have proven

effective, the sequential nature of the architecture can make it difficult to capture more complex relationships

between speakers in a conversation. As a consequence, graph-based approaches have become very popular

for text-based emotion recognition. DialogueGCN, an advanced variant of this approach is described in [33]

and the architecture of the model is shown in Figure 2.5. This framework is composed of three major mod-

ules: a sequential context encoder, a speaker-level context encoder, and an emotion classifier. To capture

the contextual information from the conversations, a bidirectional gated recurrent unit (GRU) is utilized for

sequential modeling of textual data to capture the contextual information present. The captured information

at this stage is speaker-independent. In order to capture the speaker-dependent information from the conver-

sations a graphical approach is used. Speaker level dependency, interdependency and self-dependency among

participants are critical to SERC and ERC. Based on these relations a directed graph is constructed between

the sequentially encoded utterances and interactions between the speakers. A feature transformation process

transforms the contextually encoded features into more enriched speaker-level context features. This utilizes

the local information from the neighbors. A third module concatenates the contextually encoded feature

vectors (from the sequential context encoder) and the speaker-dependent context features (from the speaker-

level context encoder) to form the final utterance representation. This representation is then classified using

a fully connected network into different emotion categories for the appropriate datasets. This work relies

on IEMOCAP [2], AVEC [71], and MELD [1] datasets. Although all of three datasets are multimodal, this

work only utilizes the textual information to perform emotion recognition in conversation. Emotion is also
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Figure 2.5: DialogueGCN model architecture. Redrawn from [33].

influenced by other factors. [4] proposes a method known as COSMIC for emotion detection in conversations

using different aspects of common sense including events, mental states and casual relations to build the

model and learn from it. The model learns the interactions between speakers. During a conversation, there

are various factors including the topic of the conversation, speaker’s personality, logic, viewpoint, and intent

which play major role in effecting the emotional dynamics of the speaker. Along with it, the utterances are

also associated with the mental state of the speaker. For example, if any recent event has happened with

the speaker that has affected their emotional state or the prior emotional state when it is uttered. This

model uses this commonsense knowledge such as the reason for an event or situation that can explain the

emotional shift in the conversation. Mainly, this model tries to address the challenges in emotion recognition

task including detection of emotional shift in the utterances within a conversation which normally is omitted

by the models in the literature.

2.4 Speech emotion recognition (SER)

Text is not the only form of language that has been used for building emotion recognition systems. Speech

is considered to be the most natural form of human expression and so it is only natural that speech based

emotion recognition systems are very popular. Detecting the embedded emotion expressed in spoken ut-
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Figure 2.6: Speech Signal Framing and Windowing. Redrawn from [25].

terances encoded through the acoustic signal is known as Speech Emotion Recognition (SER). Determining

the emotional state of humans through their vocalized speech can help to facilitate natural interactions with

chatbots/robots using voice either in isolation or in part of a multimodal approach.

2.4.1 Traditional techniques for SER

Emotion recognition systems based on digitized speech are typically comprised of three fundamental compo-

nents; signal preprocessing, feature extraction, and classification [72]. The feature extraction process extracts

distinctive acoustic features that characterize the utterance which directly influence the classifier performance

and impact the overall efficiency and computational time of the recognition system [25]. Processing the signal

normally involves signal pre-processing which includes pre-emphasis, denoising and segmentation steps to

capture important characteristic information of the signal [73] without the noise.

Figure 2.6 illustrates a typical preprocessing step in detail. Audio signals are first captured into frames. The

frame blocking or framing is a preprocessing step that divides the original speech signal into small blocks

or frames with Nf being the speech sample length and No is the overlap or stride length. Overlapping the

frames is important as it helps to prevent information loss between the adjacent frames. A speech signal is

a non-stationary signal and thus the statistical properties of the signal changes over time. During framing

it is assumed that the statistical properties of the signal are constant within the frames [74]. Characteristic

properties of the signal are extracted from these small audio frames. These extracted feature vectors should
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Figure 2.7: Classical speech emotion recognition approach. Redrawn from [25].

have a compact form and should capture the important signal information. Finally, extracted feature vectors

are mapped to relevant emotions of interest. Figure 2.7 depicts a simplified speech-based emotion recognition

system building on this frame-based representation.

In the first stage of speech-based signal processing, preprocessing attenuates the noisy components. The

second stage involves two modules, feature extraction, and feature selection. The required features are

extracted from the processed speech signal and then feature selection is performed. Examples of widely used

acoustic features include mel-frequency cepstral coefficients (MFCCs), linear prediction cepstral coefficients

(LPCC), short-time energy, and the fundamental frequency (F0) [12]. During the third stage, classifiers

are utilized to characterize these features. Traditional classifiers for emotion recognition include Bayesian

Networks (BN) [75], Maximum Likelihood Principle (MLP) [76] based approaches, and Support Vector

Machines (SVM) [71]. In addition to these and other linear classifiers, there exist non-linear classifiers which

are used when the signal is considered to be non-stationary. Many non-linear classifiers have been used for

SER, including Gaussian Mixture Models (GMM) [77] and Hidden Markov Models (HMM) [78].
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Figure 2.8: Detail overview of a CNN-based architecture. Redrawn from [25].

2.4.2 Deep learning methods for SER

As traditional techniques such as Gaussian Mixture Models (GMMs) for acoustic modeling in speech recog-

nition system are displaced by Neural Networks, many researchers (e.g., [79]) have employed Deep Neural

Network models for SER. Deep learning methods have found applications in a wide range of tasks including

natural language processing (e.g., [80]), pattern recognition (e.g., [81]), image recognition (e.g, [82]), and

in speech emotion recognition (e.g., [83, 84, 85]). The layers in deep learning architectures provide the

network the ability to automatically extract features from signals including raw speech data and to learn

data patterns that enhance classification performance. Data-driven approaches have generally replaced the

process of careful feature extraction and selection. Deep learning architectures including Convolutional Neu-

ral Networks (CNNs) (e.g., [25]), Recurrent Neural Networks (RNNs) (e.g., [86]), Long short-term memory

(LSTM) (e.g.,[65]), and autoencoders (e.g., [87]) are widely used and have provided improved speech emotion

recognition systems accuracy. The detailed architecture of a CNN model for speech emotion recognition is

shown in Figure 2.8.

LSTM’s are neural networks that integrate information over time and are capable of processing time series

data such as speech [88]. [79] investigated how LSTM recurrent neural networks can be utilized for SER. In

[89] a dual-sequence LSTM (DSLSTM) architecture is proposed for sppech emotion recognition. The model

takes MFCC features and mel-spectrogram produced from audio signal into account to predict the emotion

label of the input audio utterance. A classic LSTM processes the MFCC features and the proposed DSLSTM

24



take the features from the two mel-specrograms. Finally, the outputs from both the LSTMs are averaged

to perform the classification. In order to capture and learn local and global emotion-related features from

speech [90] proposed to use a 1D CNN LSTM network to recognize speech emotion from audio clips and a

2D CNN LSTM network to learn global contextual information from the handcrafted features.

[88] proposed an attention-based dense connection LSTM model which adds weight coefficients in each

dense layer to distinguish differences in the emotional information between layers to reduce the interference

of redundant information from the bottom layer with the information from the top layer. They tested their

methodology on the eNTERFACE and IEMOCAP datasets and showed improved performance as compared

to the baseline methods available at that time.

For SER, a CNN is often the first architectural choice to combine with other discriminative or generative

methods. Many early approaches, such as [91] used a CNN to learn effective salient features for speech emo-

tion recognition. CNN methods based on classic networks such as AlexNet [92], CaffeNet [93] and GoogLeNet

[94] have been used to learn emotional patterns from the spectrogram associated with an utterance and pre-

dict the corresponding emotions. These models are commonly used for transfer learning, see [95], [96] for

example. The approach described in [96] is representative. [97] proposed a suggests a convolutional neural

network (CNN) based model with rectangular shape filters to extract the deep frequency emotional features

from the spectrograms generated from the audio recordings. The model is composed of three blocks with

several convolutional layers followed by a pooling layer to extract the features with additional dense layers

and a softmax layer as output. This method of extracting deep emotional features from spectrograms proves

to be an efficient technique as compared to other deep learning baselines.

In autoencoders, speech data is used to initialize the input layer. An encoder layer is then used to extract

hidden features from the input speech data. A hidden layer is then used to represent a low-dimensional set

of hidden features. Using coupled encoder and decoder units, deep autoencoders have been used to extract

low-dimensional features from utterances and have proven to be particularly effective in emotion recognition.
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For example, [87] proposes a classifier with a deep autoencoder based on a multilayer perceptron. They utilize

the capability of the autoencoder by initializing the weights corresponding to the links between the input

layer, the hidden layer and the output layer during a pre-training phase.

In the literature there also exist hybrid methods for speech emotion recognition. [98] combines a convo-

lutional neural network with a Bidirectional LSTM that captures long range temporal dependencies. [99]

compares the results of their model based on CNN and LSTMs to the results achieved with conventional

classifiers. [100] applies a deep neural network composed of convolutional and LSTM layers for emotion

recognition. Although they can be effective, the main issue with deep neural network models is that they

require a large amount of data during training to obtain competitive performance.

2.5 Graph neural networks (GNNs)

Although, conventional deep learning techniques have achieved considerable success in modelling sequential

data (text data) and images (with CNN) there still exist problems when the relationships in the data are not

well represented as 2D data (spectogram) or linear structures. For more complex conversations, relationships

between the data can often be better represented in the form of a graph. This type of representation has

proven effective in other domains. For example, in e-commerce, a graph-based learning system can leverage

interactions between users and the kind of products they use to make highly accurate recommendations.

In chemistry, molecules can be modeled as graphs, and their bioactivity for drug discovery modelled in

terms of this graph as shown in Figure 2.9. In a citation network, articles or research papers can be linked

to each other via citationships, and categorizing them into different groups can be performed using this

representation. Interactions in a social network can be modeled as a graph as shown in Figure 2.10. In this

interaction graph the nodes are the users and the edges show their ties with each other. This graph can be

used in a node classification task to make suggestions to the users for new connections or friends to connect

with that share the same mutual friends. The GNN can also be used to design a recommendation system to
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Figure 2.9: Molecules modeled as graphs redrawn from [101]. The image on the left describes the 3D

molecular structure while the image on the right shows its representation as a graph. In the graph structure,

the nodes are the atoms and the edges represent the bonds between them.

suggest products, music or movies based on common interests.

Graph Neural Network (GNNs) [102] are deep learning models aiming at addressing graph-related tasks

in an end-to-end manner. Many GNNs are used explicitly to extract high-level representations. In the past

the complexity of graph data has presented significant challenges for machine learning algorithms. As graphs

can be irregular, a graph may have a variable size, and nodes from a graph may have different numbers of

neighbors, resulting in some important operations (e.g., convolutions) that are easy to compute in the image

domain being difficult or computationally expensive to apply in the graph domain. Furthermore, a core

assumption of many existing machine learning algorithms is that nodes are independent of each other [103].

This assumption does not hold for graph data in general as each node is related to others by links of various

types, such as citations of the articles or research papers, friendships that occur in a social network, and other

interactions [103]. In order to help address this, [103] proposes a taxonomy that divides GNNs into four

categories; recurrent GNNs (RecGNNs), convolutional GNNs, graph autoencoders, and spatial–temporal

GNNs.

• Recurrent GNNs (RecGNNs): Most early GNN’s fall in the category of recurrent GNNs. The architec-

ture aims to learn representations using recurrent neural architectures. For information to propagate

in RecGNN same weights matrices are applied iteratively until a stable equilibrium is reached.
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Figure 2.10: Social network interaction graph. Redrawn from [101]. In the graph structure, the nodes are

the users and the solid edges represents connections or friendships between the users.

• Convolutional GNNs (Conv-GNN): These GNNs generalize the operation of convolution from grid data

to graph data. The main idea here is to generate a node representation by aggregating its own features

with the features of the node’s neighbors [101]. The main difference in operation between RecGNNs

and Conv-GNN is the propagation of information. In contrast to RecGNNs, convolution GNN applies

different weights at each iteration.

• Graph Autoencoders: These GNNs are unsupervised learning frameworks comprised of an encoder and

decoder. The encoder module encodes nodes/graphs into a low-dimensional space. It is considered to

be a powerful graph embedding technique that preserves the graph structure. With the decoder, it can

reconstruct the original graph data from the encoder output information. GAEs are used specifically to

learn network embeddings and help to build efficient systems for various tasks including link prediction

and node clustering.

• Spatial-Temporal GNNs: These GNNs learn hidden patterns from spatial-temporal graphs, which

consider spatial dependency and temporal dependency at the same time. With these features, these
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GNNs are adopted for different variety of applications such as traffic speed forecasting [104]. To perform

this task for forecasting a specific road traffic, the road condition will indeed depend on its adjacent

road conditions. The spatial-temporal GNN will consider spatial dependency and can be helpful for

this task.

Figure 2.11 presents the general pipeline design of a graph neural network. The first step in the pipeline

is to identify a graph structure or architecture relevant to the application. The next step is to specify the

graph type that best represents the problem being solved. In the next step, a loss function is chosen and

finally, the GNN model is designed using the computational modules. Generally, graphs are categorized as

follows:

• Directed/Undirected Graphs: Edges in directed graphs are directed from one node to another while

the edges in an undirected graph represent a two-way relationship where each edge can traverse in both

directions and can be regarded as two directed edges.

• Homogeneous/Heterogeneous Graphs: Nodes and edges in homogeneous graphs have the same types,

while nodes and edges may have different types in heterogeneous graphs.

• Static/Dynamic Graphs: The dynamic graphs represent the graph data with nodes representing an

entity and the edges show the relationship or interactions between the nodes. These relations or

interactions vary with time the graph is regarded as a dynamic graph. Otherwise, it is a static graph.

2.5.1 GNN framework tasks

Once the graph structure is determined then the output of the GNNs can focus on different graph tasks.

The following mechanisms can be identified [101]:
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Figure 2.11: General design pipeline for a GNN model. Redrawn from [101].

• Node Level analysis: In this analysis the output is related to node regression and node classification

tasks. Examples include RecGNNs [105] and ConvGNNs [106]. This approach extracts high-level node

representations using graph convolution. GNNs can perform node-level tasks in an end-to-end manner

with multi-layers architecture and a Softmax layer as the output layer. For example, node classification

can be used to classify scientific papers in a citation graph where labels are only available for a small

subset of nodes, and the GCN must predict the correct label for the older node.

• Edge Level: Outputs related to edge classification and link prediction tasks are considered under this

framework. Using the two nodes associated with the given edge and nodes’ hidden representations

obtained from GNNs as inputs, a similarity function is utilized to predict the label or connection

strength of an edge [107]. For example, link prediction predicts whether two nodes in a network are

likely to have a link such as a friend recommendation in social network [108] and movie recommendation

[109].

• Graph Level: Outputs related to graph classification tasks are considered in this framework. For exam-

ple, graph classification task are used in bio-informatics applications to predict the function of a protein

structure, predicting if the cells are cancerous or not, predicting if a protein is enzyme or not, etc., as

graphs can be used to model complex relations. Similarly, another task can be performed including
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graph matching and graph regression which require the model to learn the graph representations.

GNN’s can also be categorized by the way in which they are trained:

• Supervised setting: This task provides labeled data for training.

• Semi-supervised: This task gives a small amount of labeled nodes and a large amount of unlabeled

nodes for training.

• Unsupervised setting: The GNN is presented with unlabeled data for the model to find patterns. For

example, Node clustering is a typical unsupervised learning task [110].

To build a GCN model different computational modules are used. Commonly used modules include:

• Propogation module: This module propogates information between the nodes in order to aggregate the

feature and logical information. Convolutional operators and recurrent operators are used to aggregate

information from the neighbouring nodes in the model.

• Sampling module: This module is generally used when the size of graphs is large and is usually combined

with the propagation module.

• Pooling module: This module is needed to obtain high level graph representations and to extract

information from the nodes.

2.5.2 Spectral graph convolution

The convolutional operator used in the GNN model generalizes convolutions in other domains to the graph

domain. Following [31], this work adopts the spectral GCN [111] graph architecture to extract the utterance

level features. Spectral convolution provides a mathematical framework to design filters. The eigenvectors
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and eigenvalues of the graph Laplacian matrix facilitates the processing and analysis of signals on graphs.

As per the theory of graph signal processing [112], graph convolution is given by

h = xi � w (2.1)

where h is the convolution output, xi is the input vertex feature vector, * is the convolutional operator, and

w is a learnable graph convolution kernel.

A spectral graph convolution is defined in the Fourier domain by applying the filter on the input signal

xi. Equation 3:2 is equivalent to the product of xi and wu as

ĥ = x̂i 
 ŵu (2.2)

where ĥ, x̂i and ŵu denote the output, input features and the convolutional filter in the graph spectral

domain. The cyclic graph structure as adopted in [31] is important because of the special structure of the

graph Laplacians, which significantly simplifies the computation and results in a lightweight spectral GCN

operations as shown below.

The exact graph convolution is given by Ĥ = (UTX)(UTWu); then H = UĤ, where U is the eigenvector.

For computation in matrix form, for the GCN kth layer, the graph convolution propagation is evaluated as:

H(k+1) = U

�
(UTH(k))(UTW (k)

u )

�
(2.3)

Following [113], a multi-layer perceptron (MLP) can be used to learn the convolution kernal (Wu). Adopting

the approach described in [31] the convolution kernal as described above can be learned using MLP as

H(k+1) = U

�
MLP (UTH(k))

�
(2.4)

where, only the MLP parameters are learned which makes this approach more scalable and efficient.

2.5.3 Graph pooling modules

After a GNN generates node features, we can use the features to formulate a given task. It is computationally

challenging to use all of the available features directly. In order to improve the computational capability
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of the problem, a downsampling strategy is typically used. This strategy is known as graph pooling. The

pooling operation aims to reduce the number of parameters by downsampling the nodes to generate a more

compact representation and to avoid overfitting.

In order to obtain a compact representation of the graph level, GNNs are often combined with pooling

layers along with Softmax layers. Based on the task objective and the graph network requirement, different

pooling layer operations can be used including mean, max and sum pooling [114]. Calculating the mean,

max or sum value in the pooling window is computationally efficient.

• Max pooling: Pools a graph by computing the maximum of its node features.

• Sum pooling: Pools a graph by computing the sum of its node features.

• Min pooling: Pools a graph by computing the minimum of its node features.

Once trained on a corpus of data, a GNN can be applied to a novel input to obtain a feature representation

either at the edge, node or graph level.

2.5.4 SER using graph convolution

A graph neural network (GNN) structure allows for end-to-end learning of prediction pipelines whose inputs

are graphs of arbitrary size and shape and which generates embedding vectors of nodes based on the properties

of their neighborhoods. GNN’s are widely used in dialogue systems to model conversations and model

relationships between different modalities as they have the capability to capture the rich relationships and

interdependancy between data. For example, DialogueRNN [37] uses a recurrent neural network to extract

emotions based on three factors: the speaker, the preceding context in the conversation, and the preceding

emotion in the conversation. DialogueGCN [33], is a more advanced variant of this approach. This framework

is based on a graph convolutional network that includes the speaker level, sequential context encoder, and an
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emotion classifier. For speech emotion recognition, there also exist a number of graph-based approaches. [31]

proposes a deep graph based approach for speech emotion reocgnition. The authors model the speech signal

as a cycle graph or a line graph and cast the emotion recognition problem as a graph classification problem.

Tranforming the speech utterances into graphs resulted in an efficient, compact and lighweight model for

SER. [22] proposes another graph classification approach for SER. The authors highlight the importance

of transforming speech signals into a graph structure and addressing the problem of variable length speech

inputs. Because clipping and padding the utterances should be avoided for variable length sequences as it

can result in the loss of emotional information in speech utterances, they used GraphSAGE [32] which is

a general framework model for inductive embedding. The GraphSAGE model uses node features such as

node degree and node profile information to learn an embedding function that generalizes to unseen nodes

as compared to approaches that use matrix factorization for learning embedding. Following this, at the

next stage multi-head attention pooling (MHAPool) [115] is used to obtain the graph-level emotion vector

representation.

2.5.5 Multi-modal emotion analysis

Multimodal approaches combining textual, audio, video and other signals have resulted in highly effective

emotion recognition systems. Multimodal ERC is influenced by the fact that humans display emotions

through a range of different cues and algorithm can use this information to perform emotion recognition. A

hybrid fusion process, referred to as a multimodal attention network (MMAN) [116] includes audio, visual

and textual signals in speech emotion recognition. This work proposes a multimodal focus mechanism,

cLSTM-MMA, which promotes attention across three modalities and fuses information selectively. [117]

proposed an approach for multimodal emotion recognition. This mechanism uses a combination of cross-

modal attention along with a raw-waveform encoder-based convolutional neural network. To extract the

features from raw audio signals they use an audio encoder using a one-dimensional convolutional model. A

text encoder is used to extract semantic features from textual data. A cross-modal attention mechanism
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is used between the audio and text features to obtain enhanced performance in emotion recognition task.

[118] describes a multimodal deep learning model that utilizes facial images of the TV actors annotated with

the textual description of the action played by the actor. The reported results showed the importance of

incorporating multi-modality to achieve good performance in face recognition system.

Graph based approaches have achieved state of the art results in the multi-modal domain as GNNs can

easily capture long-distance contextual information in ERC tasks through relational modeling [119]. ConGCN

[120] models represent utterances and speakers as nodes, context dependencies, and speaker dependencies as

edges, for multi-participant conversational emotion detection. ConGCN takes into account textual features

and acoustic features. MMGCN [121] considers both multimodal information and long-distance contextual

information through a graph-based model. [122] utilizes the capability of heterogeneous graph neural net-

works to capture information from multi-dimensional sources including dialogue history, its emotion 
ow,

facial expressions, audio, and the speakers' personalities. Their model is constructed using a heterogeneous

graph-based encoder and an emotion-personality-aware decoder. [119] proposes a novel graph-based multi-

modal model GraphMFT that captures intramodal contextual information and inter-modal complementary

information by modelling a conversation as three parallel graphs: Video-Audio, Video-Text, and Audio-Text

where each graph contains information related to only two modalities.

2.6 Acoustic speech features

A critical challenge in SER problems is determining the features that in
uence emotion recognition in the

raw speech signal [123]. The existence of di�erent contexts, genders, speakers, and speaking styles makes it

di�cult to identify the best acoustic feature set because these properties have direct a�ect on the features

such as pitch, and energy [124]. Some of the acoustic speech features reported in the literature are given in

Figure 2.12 and are described below. These features are divided into qualitative, spectral, continuous, and

Teager energy operator (TEO-based) features [12, 125]. Commonly used speech acoustic features include
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Melfrequency cepstral coe�cients (MFCCs), zero-crossing rate, voice probability, the fundamental frequency

(F0), and frame energy.

ˆ Energy and pitch: Energy and pitch are the primary continuous acoustical features used in emotion

recognition. Arousal refers to the amount of energy required to express a certain emotion. According

to [124], the arousal state of the speaker a�ects the overall energy, energy distribution across the

frequency spectrum, and the frequency and duration of pauses in the speech signal.

ˆ Fundamental frequency: The fundamental frequency of the pitch signal, also known as the glottal

waveform, because of its dependency on the subglottal air pressure and tension of the vocal folds which

carries emotional information. The source of the pitch signal is the vibration of the vocal folds. The

time elapsed between two successive vocal fold openings is called the pitch period T, while the vibration

rate of the vocal folds is known as the fundamental frequency of the phonation F0, or pitch frequency

[123]. For example, music like speech with surprise or joy emotion is associated with a high glottal

volume velocity and emotions like anger or disgust is associated with low volume velocity.

ˆ MFCC: In addition to time-dependent continuous features such as pitch and energy, spectral features

are often selected as a short-duration speech signal representation. In order to comply with the spectral

distribution of the auditory system, the estimated spectrum is often passed through bandpass �lters

or critical bands. MFCC is a frequently used spectral feature which leverages the human auditory

frequency response with the help of Mel-Scale frequency response.

ˆ TEO-based features: TEO-based features are additional excitation signals such as harmonics and cross

harmonics [12].

Appropriate and e�cient feature extraction from speech data is important as it helps to reduce the

computational complexity and improves recognition accuracy. Features can be extracted manually or auto-

matically. Speech signals pre-processing is a signi�cant step before extracting features in the development

of robust and e�cient SER systems.
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Figure 2.12: Di�erent categories of speech acoustic features. Redrawn from [12].

Manually extracted features are domain-dependent. There exist several automatic feature extractor

toolkits for SER including OpenEAR[127], Kaldi [128], COVAREP v1.4.1 [129], pyAudioAnalysis [130],

Python Speech Features [131] and OpenSMILE v3.0 [126]. Table 2.1 describes the commonly extracted

audio features from these toolkits. This work uses the OpenSMILE toolkit. It is chosen due to the reference

work [31] which also uses the same tool to extract speech signal features. Details related to OpneSMILE are

given below.

2.6.1 OpenSMILE 3.0

The Munich open-Source Media Interpretation by Large feature-space Extraction (OpenSMILE) toolkit

[126] is a modular and 
exible feature extractor for signal processing and machine learning applications.

OpenSMILE can work for real-time online processing and can also be used to work o�-line in batch mode for

the processing of large datasets. OpenSMILE extracts features incrementally as the data arrives. This is a
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Figure 2.13: Description of OpenSMILE Architecture. Redrawn from [126].

feature rarely found in other tool kits for speech recognition feature extraction. Figure 2.13 shows the overall

data-
ow architecture of OpenSMILE. Within OpenSMILE the Data Memory act as a central link between

all Data Sources. OpenSMILE writes data from external sources to the data memory. OpenSMILE is capable

of extracting Low-Level Descriptors (LLD's) and applying various �lters, functionals, and transformations

to them. The LLDs that are commonly extracted using this tool are listed in Table 2.1.

2.7 Baselines methods for comprehensive analysis

Baselines for utterance-only models and conversational SER models are listed below. These models use the

IEMOCAP dataset for evaluation.

38



Table 2.1: Common Low Level Descriptors(LLD's) extracted in the OpenSMILE toolkit [132].

Feature Description

Speech-related features Signal energy, voice quality (shimmer and

jitter), Mel Frequency Cepstral Coe�cient

(MFCC), Pitch, Loudness, Mel/Bark spectrum

bands, formants, LPC, spectral shape descrip-

tors

Music-related features CHROMA, CENS features, Pitch classes

(semitone spectrum), Weighted di�erential

Statistical feature Means, Extremes, segments, peaks, sam-

ples, percentiles, zero-crossing, Linear and

quadratic regression, Onsets, DCT coe�cients

2.7.1 Utterance only SER Models

Many studies use utterances to extract audio features for emotion recognition task. Speech emotion recog-

nition at the utterance level can be formulated as a many-to-one sequence-to-sequence learning, where the

input sequence is the stream of acoustic frames and the output sequence is the emotion label [36]. [36]

applied the attention mechanism on the Bidirectional (BLSTM) model for SER. As reported in the paper,

they found that using an attention mechanism resulted in an improved selection of frames being achieved

which resulted in an improved weighted accuracy. Another work [133] adopted an emotion-pair framework

that is able to create a di�erential feature space for every emotion-pair (two di�erent emotions) to generate

more precise emotion bi-classi�cation results. The bi-classi�er used in their work is the Bayesian Logistic

Regression (BLR) classi�er which is trained for a speci�c emotion-pair and to distinguish the emotions in

that emotion-pair. [134] uses a deep recurrent neural network (RNN) with an attention mechanism, to learn
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the emotionally relevant short-time acoustic features and the temporal aggregation of those features into a

compact utterance-level representation. Results reported with the IEMOCAP dataset shows that learned

features with this model provide a higher accuracy. In order to capture richer emotional information from

speech [135] proposed a Convolutional Recurrent Neural Network (CRNN) to extract high-level statistic

functionals (HSFs). The HSFs are the global dynamic version of LLDs and are calculated as statistics of

LLDs, such as their mean, maximum, minimum, variance, kurtosis, and skewness. Thus, to fully extract the

emotional information in speech signals the authors utlize HSFs and a CRNN model that learns the features

from the spectogram and proposed HSF-CRNN, a two channel SER system. The system is evaluated on

the IEMOCAP corpus and achieved a weighted accuracy of 60.35% and unweighted accuracy of 63.98%.

Another work [136] proposed a model with a multilayer CNN network stacked on a LSTM. The results

reported in the paper shows that the proposed construct of the classi�cation block, where the convolutional

layer captures high-level abstraction, the LSTM layer performs long-term temporal modelling, and the fully

connected layer performs discriminative representations, o�ers improvements in the performance of emotion

recognition.

There exist graph-based models that use utterances for the emotion recognition task as well. A straight

forward GCN [137] is the most common baseline for graph based models. But there are other approaches

including spectral GCN [138] which is specially designed for the node classi�cation task. Another work de-

scribed in [139] developed a framework for learning graph representations in arbitrary graphs. The proposed

approach is known as PATCHY-SAN. The main objective of the framework is to solve two problems: (i)

to identify the node sequences for which neighborhood graphs are created. These neighborhoods are the

receptive �eld of a CNN network that allows the framework to learn deep and complex graph represen-

tations and (ii) compute a normalization of graphs which requires a mapping of the neighborhood graphs

representation into a vector space. PATCHY-SAN is an e�cient approach and outperforms graph kernels in

terms of accuracy and computation speed for graph classi�cation problems. [140] introduces DIFF-POOL

a di�erentiable graph pooling module that can be adapted to various graph neural network architectures
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in a hierarchical and end-to-end fashion. This framework adds a di�erential assignment at each layer of a

deep GNN, and maps the nodes to a set of clusters by learning a soft cluster assignment at each layer of a

deep GNN. Then the output is sent to the next GCN layer. This methodology helps to generate deep GNNs

by stacking GNN layers in a hierarchical fashion. [31] uses the concept from the above two graph baselines

models and proposes a GCN-based methodology for SER that outperforms the deep learning models and

the graph based models. In this compact and e�cient GCN model the speech utterances are transformed

into graphs which makes the convolution process simple and thus achieves a higher performance compared

to existing models. The GCN architecture assigns an emotion label to each speech sample transformed into

graphs. This approach forms the underlying model used in our context-free stage.

Recent work described in [22] on the SER problem transformed variable length utterances into graphs for

improved retention of the emotional information in utterances as cutting and padding the utterance can lead

to emotional information loss. After the feature extraction graph is constructed and node embedding learning

is performed using GCN models including standard GCN [141], GAT [142] and, GraphSAGE [143] which

is an inductive graph convolutional network that can generate node embeddings for unseen data. The next

step is to apply pooling function in order to obtain graph-level representation. Di�erent pooling functions

are explored in [22]. Results showed that a combination of GraphSAGE, which is used for node/frame

embedding learning, combined with and multi-head attention pooling (MHAPool) [144] which is employed to

obtain graph/utterance representation, received higher accuracy when evaluated on the IEMOCAP dataset.

These models do not consider speaker dependency during modeling the utterances for the recognition task.

2.7.2 Conversational SER Models for IEMOCAP

Instead of considering only isolated utterances for emotion recognition, there is evidence that considering

context-sensitive and speaker dependency can plays an important role in emotion recognition system. [23]

proposes several approaches for conversational emotion recognition (CER) including the transformer model,
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RESNET-34 and BiLSTM. The authors explored the e�ect of context by comparing the models trained

on single utterances and conversations. In order to leverage both local and global context information, the

authors use RESNET-34 for modeling local context in each layer and globally by stacking the layers. This re-

search also explores together joining the RESNET model for its strength in modeling the context information

locally and globally and a transformer architecture. This combination improved the accuracy of the emo-

tion recognition task. The IEMOCAP dataset is evaluated by the proposed method and the results showed

that the combination of RESNET with transformers proved to have a high F1 score indicating the impor-

tance of including context information for the emotion recognition task. Based on the results, our approach

takes into account conversational contextual information, temporal information, and speaker dependency in

a graph convolutional network-based approach. Incorporating a graph-based network methodology along

with the important conversational factors should improve the performance of the system for speech emotion

recognition in conversations (SERC)

2.8 Conversational Models for the multiparty MELD dataset

Models that use the MELD dataset for evaluation are described below.

2.8.1 Deep learning models

Bidirectional Contextual LSTM (BC-LSTM) [145] performs context-dependent fusion of multisequence data.

This approach only considers the contextual information in a conversation. Conversational Memory Network

(CMN) [35], models separate contexts for both self-speaker and other-speaker in an utterance for emotion

detection in two-speaker conversations, but ignores the global contextual information of the utterance. In-

teractive Conversational Memory Network (ICON) [146] , models separate contexts for both self-speaker

and other-speaker to an utterance for emotion detection in two-speaker conversations, and simultaneously

42



incorporates the global contextual information of the test utterance. Another work, DialogueRNN [37], em-

ploys three GRUs to model the speaker, the context from the preceding utterances, and the emotion of the

preceding utterances. This approach considers di�erent speakers in a two-speaker scenario.

2.8.2 Graph based models

[120] proposed a graph-based conversational convolutional neural network model (ConGCN), to model both

context-sensitive and speaker-sensitive dependence for emotion detection. From the conversation dataset,

each utterance is represented as a node in a graph, with an edge between the two utterances in the same

conversation to symbolize contextual dependence. On the other hand, to model the speaker dependency,

each speaker of the whole corpus is represented as a node and an undirected edge is constructed between

each utterance and its speaker. Thus, this methodology is a graph-based approach and considers the task of

emotion recognition on utterances as a node classi�cation problem. The model is evaluated on the MELD

dataset and has achieved good accuracy.

Recently, [34] proposed a graph-based neural network based approach to model context sensitive and

speaker sensitive dependencies for emotion recognition in conversation. They use acoustic, textual and

multimodality for the evaluation of the proposed methodology. This method leverages context and speaker

dependencies by modeling the conversation using a directed graph. For the utterance level feature extraction

process a self attention mechanism is used to extract the features from the frames. For speaker level context

encoding a GCN architecture is used. A directed graph is constructed to model the conversation in which

there are two types of nodes; utterance nodes and speaker nodes. To model the context sensitive dependency,

an edge is constructed between the utterance nodes from the same conversation. They also implemented a

relation reduction technique where each utterance node has edges connecting the nodes with the immediate

utterance of the past, and the immediate utterance of the future. To model the speaker, edges are constructed

between the utterance node and the speaker node, along with their relative positions in the conversation. In
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this way the conversation graph is constructed. The model is evaluated on the multiparty MELD dataset

and achieved improved accuracy compared to baseline models.

2.9 Speech corpus

Many sentiment-related datasets are constructed using arti�cial data e.g., actors performing the utterances.

This raises a critical question about potential biases or di�erences between real-world emotions and the acted

ones. When considering speech data for any analysis, it is important that more realistic data collected from

real life situations is used. Unfortunately, the use of real world data can have legal or moral issues, and

thus many real-world datasets can not be used for academic research purposes [12]. As a consequence the

main datasets used in the area of SER for academic research work are IEMOCAP [2] and MELD [1]. These

arti�cial datasets are described below.

2.9.1 IEMOCAP

The Interactive Emotional Dyadic Motion Capture Database (IEMOCAP) [2] is a database collected by the

Speech Analysis and Interpretation Laboratory at the University of South California. It was recorded from

ten actors, both male and female, in dyadic sessions with the actors augmented with markers on their face,

head and hands. The database contains both scripted and improvised sessions. For each improvised and

scripted recording, the dataset provides detailed audiovisual and text information, which consists of audio

and video of both interlocutors, motion capture data of the face, head and hand of one of the interlocutors

in each recording, text transcriptions of the conversation, and their word-level, phone-level and syllable-level

alignment. The dataset contains approximately 12 hours of data. The audio is split into segments of between

3-15 seconds and each segment is labeled by 3{4 human evaluators. Audio utterance lengths vary from 0:6

seconds up to 34:1 seconds, with almost 80% of the samples being 6 seconds or less. The database was

initially designed to target the emotions of anger, sadness, happiness, frustrated and neutral state. The
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Figure 2.14: Example dialogue of MELD dataset. Redrawn from [1].

database was expanded later to code for 10 emotion categories; the emotions of anger, sadness, happiness,

disgust, fear, surprise, frustration, excited, neutral, and other. It is a well-known database and has been

extensively studied. In this work we utilize the audio utterance level data in the IEMOCAP dataset.

2.9.2 MELD

MELD [1] is a multimodal emotion/sentiment classi�cation dataset which has been created by enhancing and

extending the EmotionLines dataset [3]. In contrast to the IEMOCAP dataset, MELD is a multiparty dialog

dataset and has almost twice the number of utterances as found in IEMOCAP dataset. MELD contains

textual, acoustic and visual information for more than 1400 dialogues and 13000 utterances from the TV

series \Friends" [147]. Each utterance in every dialog is annotated with one of the seven emotion classes:

anger, disgust, sadness, joy, surprise, fear or neutral. For each utterance text, audio, and visual information

associated with the utterance is available. In this work we utilize only the audio portion of the dataset.

Figure 2.14 shows an example dialogue from the MELD dataset.
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2.10 Emotional-informed dialog systems

The last few years has witnessed a signi�cant amount of research in the area of emotion-informed dialogue

systems. A number of methods have been proposed to ful�ll the task of generating and rendering emotionally

infused responses. This infusion aims to create systems that can provide maximum user engagement and more

natural and e�ective communication in a human-computer interaction [148]. Once an emotion recognition

system is designed it can be incorporated with a dialogue generation system to provide a complete end-to-

end emotion aware dialogue system. There already exists work in this area. For example, [149] proposes a

novel e�ective dialogue system \Mixture of Empathetic Listeners (MoEL)" that incorporates empathy in an

end to end approach for generating responses. This model learns and responds to each emotion presented

by the user by learning speci�c listeners for each sensed emotion. MIMicking Emotions for Empathetic

Response Generation (MIME) [150] is an interactive system based on the assumption that emphatic responses

should mimic the emotion of the speaker to a certain degree. This model tries to balance the response by

generating positive responses for positive utterances and for negative utterances generate a response that

incorporates a composite emotion that agrees with the user and to generating responses that are positive

and more hopeful. [151] describes the use of an interactive model that incorporates the user's feedback when

generating responses that are aligned with the dialogue's history and user's estimated emotion. This model

shows improved performance as compared to earlier systems in generating emphatic dialogues.

Research in emotional conversation systems (e.g [152], [153]) focuses on building emotion-controllable

conversation systems based on the estimated user-presented emotion. These systems apply various mecha-

nisms to infuse a speci�c emotion vector into the response generation process and use this to enhance the

computer's emotional expression. Historically, these systems are based on text input in isolation and ignore

potential information from facial expressions, audio, speakers' personalities, and the emotional trajectory of

an interaction or conversation. More recent work has moved from considering lines of text in isolation to

systems that use multi-modal cues to emotional state as well as considering the time course of emotion in a
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conversation. For example, emotion can be established based on visual appearance [35], audio propagation

of speech [154], and body appearance and gestures [155]. Other work has begun to explore tracking the emo-

tional state in dialogue history when generating emotional responses. For example, [156] proposes a neural

network-based approach for positive a�ect-sensitive response generation. While [157] proposes a Hierarchical

Recurrent Encoder-Decoder (HRED) model, to capture the emotional context of a dialogue. They concluded

that their architecture resulted in a better model and that it produces responses that are perceived as being

more natural and eliciting a more positive emotional impact on the user. Their model also generates shorter

responses that contain more positive-sentiment words. This approach resembles a commonly used human

strategy when promoting positive emotion in a conversation with limited context [158].

Large Language Models (LLM's) are gaining increasing popularity because of their outstanding perfor-

mance in various applications including translation, text generation, transcription, cybersecurity and many

more. There is ongoing research work that uses LLM models such as ChapGPT for creating consistent emo-

tion annotations [159]. One recent paper reviews LLM's capacity in demonstrating empathy [160]. Based

on their review they conclude that generally, existing LLM's lacks emotional capability. This may be an

interesting direction for future research.

2.11 Summary

Emotion Recognition In Conversation (ERC) is a popular task in the Natural Language Processing (NLP)

community with the availability of online conversation data from social media websites such as Instagram,

Facebook, Reddit, YouTube, and many more. The fundamental task is to recognize emotions from utterances

in a conversation. Many models have been proposed in this area that have tried to model the emotional

complexities using speaker information, topic of conversation, contextual information and many more factors

into account. But most systems deal with text data only. The problem with using textual data is that the text

does not necessarily capture the emotion being expressed. The actual speech can contain more sophisticated
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and complete information. Speech is complex data that contains information about speaker, gender, message

context and for our task, most importantly emotions. To explore this, in this work, we concentrate on the

speech signal as the input data for performing emotion recognition.

Various models exist for speech based emotion recognition. Early work used traditional techniques for

speech emotion recognition including Support Vector Machine (SVMs), Gaussian Mixture Models (GMMs),

and Hidden Markov Model (HMM). These early approaches have been generally replaced by deep learning

models. There exists a number of deep learning techniques including CNNs, RNNs, MLPs, and autoencoders,

thus can be adapted to SER. However, more recently graph-based neural network approaches have proven

quite successful for speech-based emotion recognition as they provide a mechanism to relate the various

constraints in ERC. A GNN-based approach is considered here.

Most of the models for speech emotion recognition in the literature use text transcriptions of audio

utterances to train the model for later recognition. Typically, the models are non-order and non-speaker

speci�c although models such as DialogueGCN do include these properties. This thesis adapts the text-based

DialogueGCN model described in [33] to use acoustic information rather than text. As with DialogueGCN

the model takes into account speaker dependency and contextual information related to the text utterances

for emotion detection in conversations. In this thesis I seek to answer the question \Can the performance

of ERC in conversational settings be improved when speaker information, contextual information along

with speech utterance features are included in the model by incorporating a graph-based neural network

methodology?" I begin to answer this question in the next chapter.

48



Chapter 3

Methodology

Speech emotion recognition (SER) is the task of automatically recognizing emotions expressed in spoken

language [161]. Current approaches to SER focus on analyzing isolated speech segments (utterances) to

identify a speaker's emotional state [29, 162]. A major challenge in SER task is that emotion-relevant

information is scattered throughout into di�erent parts of the conversation, therefore an e�cient modeling

capacity for long-term context is needed [22]. Speech emotion recognition in conversation (SERC) attempts to

identify and detect human emotions by capturing and characterizing emotion attributes in speech utterances

within conversational context rather than in isolated utterances [33].

In this work, to perform SERC we have adapted and enhanced the current state-of-the-art GNN-based

ERC model [33], originally proposed for text-only input, to spoken dialogues. The model operates on text

utterances as input and uses a bidirectional GRU to extract the utterance-level features. Further, it uses a

graph-based approach to model speaker-dependent contextual information in a conversation. In our work,

we re�ne the audio utterance encoding which requires processing, operating, and modeling audio data to suit
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the speech-related features. Moreover, we use a graph-based approach to transform each individual audio

utterance into a graph using GCN to extract the utterance-level features. The GCN-based modeling allows

our framework to handle audio data and complex dialogue interactions more e�ectively.

The model of Ghosal et al. [33] su�ers from graph complexity and due to this the model su�ers from learn-

ing meaningful speaker dependencies. To overcome this limiting factor we address the issue throughgraph

sparsi�cation [39]. We only consider edges that occurred within a small temporal window, (i.e., the window

goes symmetrically forward and backward in time based on the window size) to account for the importance

of recency of emotions in dialogues. The sparsi�cation method eliminates a large number of edges from the

original complete graph, while maintaining the most recent ones (recency) [40]. In addition, we preserve a

speaker's relation to their own utterances by maintaining all same-speaker edges in the graph, to account

for the emotional persistence and maintaining long-term emotional pro�le of the user (self-dependency). As

a result, with our approach, we reduce the graph complexity and also manage to accommodate recent and

relevant edges and modelrecencyand same-speaker dependency, which are essential factors in ERC [33, 35].

3.1 Formal problem de�nition

Consider a sequence of generative audio utterances (u1; u2; u3; ::::uN ) from S speakersf s1; s2; :::::; sSg where

(S � 2). The SERC task is to assign an emotion labell (ui ) 2 L = f l1; ::::ly g to the constituent speech signal

utterances (u1; u2; ::::; uN ), using context and speaker information from neighbouring utterances. Speci�cally

we seek to identify the emotion labell (ui ) for each target utterance. Here,L is a set of prede�ned emotion

labels. Di�erent sets of emotions labels may be used depending on the conducted experiment. We assume

that the speaker of each utterance is known.
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3.2 Basic approach

Our approach to the SERC problem aims at adopting the current state-of-the-art GNN-based ERC model

[33], originally proposed for text-only input, to spoken dialogues, and in our work use it for audio input. The

utterance-level feature extraction process from the input audio utterances follows a graph-based approach. As

described in [31] the input audio utterances are �rst transformed into cyclic graphs, which then pass through

GCN layers and a pooling layer to extract the utterance level features. The methodology described in [33],

su�ers from graph complexity which we have addressed in our approach. The key idea is that we address the

graph complexity and its e�ect on learning meaningful speaker dependencies bygraph sparsi�cation [39]. This

is done by only considering other speaker edges that occurred in a smaller temporal window, (e.g., connecting

each node with edges with a small context window). The graph sparsi�cation e�ectively eliminates a large

number of edges from the original complete graph, by maintaining the most recent ones. This makes the

approach more computationally e�cient. In addition, we preserve a speaker's relation to its own utterances

by maintaining all same-speaker edges in the graph. As a result, the graph-based approach for utterance

level feature extraction, incorporating recency and same-speaker dependency(or self-dependency) helps in

building an e�cient approach for performing speech emotion recognition in conversation. The SERC-GCN

model is illustrated in Figure 3.1. SERC-GCN is built up of two components, a conversation-independent

independent (Stage One) and conversation dependent stage (Stage Two). These are discussed in detail

below.

3.3 Stage One: Context-free

As described in Chapter 2, speech emotion recognition is usually comprised of three fundamental steps;

preprocessing of the speech signal, speech feature extraction and classi�cation. To extract the speech features

from the raw audio signal is extremely important as then these features are fed to a machine learning model
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Figure 3.1: Overview of the SERC-GCN model's architecture for speech emotion recognition. The algorithm

consists of two stages. In Stage One individual audio utterances are encoded as cyclic graphs and then passed

to two GCN layers followed by a pooling layer to extract the utterance level features (g1,g2,..,g5). These

features are then used to initialize each node in Stage Two for constructing a conversation graph. A feature

transformation method is applied that transforms the utterance level features into speaker-dependent features

(h1,h2,..,h5) as shown. Finally, each utterance is represented as the concatenation ofgi and hi features passed

through a softmax layer for emotion classi�cation.

(deep learning model or graph-based model) to generate discrete emotion labels for each input utterance.

For our work, we have followed a graph-based approach proposed by Shirian and Guha [31] to extract

speech utterance features. In their proposed method speech emotion recognition is performed using a graph

classi�cation approach. As shown in Figure 3.2, each input speech samples/utterances are �rst transformed

into graphs where each node in the graph corresponds to a short windowed segment of the signal. Developing

these graph structures helps enable the graph-based GCN architecture to perform a more accurate and

e�cient graph convolution as compared to the approximate convolution performed in the standard GCN

architecture. Next, a GCN architecture is developed with two GCN layers followed by a pooling layer to

obtain graph-level embeddings (latent representation) and then �nally passed to a fully connected network

and a softmax layer to assign emotion labels to each speech utterance for training.
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