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Abstract

A central challenge in multimodal emotion recognition in conversation (MERC) is

to design fusion models that capture complex interactions among textual, acoustic, and

visual modalities while respecting conversational dynamics and speaker-specific con-

text. Conventional approaches often rely on early or late fusion strategies that treat

modalities uniformly and overlook temporal structure, speaker relations, and higher-

level contextual dependencies in dialogues. In realistic settings, conversational multi-

modal data are further affected by missing modalities and imbalanced modality contri-

butions, which undermine the robustness and generalization of existing MERC systems.

This dissertation tackles these challenges by developing deep multimodal fusion

models tailored for emotion recognition in conversation under full, incomplete, and

imbalanced modality conditions. The first part focuses on structured multimodal con-

versational modeling under full-modality settings, aiming to learn expressive, context-

aware representations for MERC. We propose CORECT, a relational–temporal graph-

based framework that integrates a Relational Temporal Graph Convolutional Network

(RT-GCN) with a Pairwise Cross-modal Feature Interaction module (P-CM) to jointly

model utterance-level temporal dependencies, cross-modal interactions, and speaker-

aware conversational relations. We further introduce MultiDAG+CL, which combines

Directed Acyclic Graph–based contextual reasoning with curriculum learning to pro-

gressively handle emotional shifts and sample difficulty in multi-speaker dialogues.

The second part addresses robust and balanced multimodal fusion when modal-

ity completeness and balance cannot be assumed. To cope with missing modalities,

we propose Mi-CGA, a graph-based framework that estimates missing modality fea-

tures and propagates complementary cross-modal information to maintain reliable multi-

modal representations under incomplete conditions. To mitigate modality imbalance, we

develop two complementary strategies: Ada2I introduces Adaptive Feature Weighting

(AFW) and Adaptive Modality Weighting (AMW) to re-balance feature- and modality-

level contributions during fusion, while Self-Paced Curriculum Learning (SPCL) pro-
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vides a plug-and-play curriculum training scheme that stabilizes multimodal learning

under heterogeneous modality conditions.

Extensive experiments on widely used MERC benchmarks, including IEMOCAP,

CMU-MOSI, and CMU-MOSEI, together with additional evaluations under incomplete

and imbalanced modality settings, demonstrate that the proposed models consistently

outperform strong baselines in terms of fusion quality, contextual reasoning, robust-

ness to missing modalities, and balanced learning dynamics. Overall, the dissertation

contributes a unified multimodal fusion perspective for MERC: (1) structured conver-

sational fusion with temporal and relational modeling (CORECT, MultiDAG+CL); (2)

fusion that remains robust under missing modalities (Mi-CGA); and (3) fusion-aware

training strategies that mitigate modality dominance (Ada2I, SPCL), thereby enabling

more reliable emotion recognition in realistic multimodal conversations.
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Preamble

Motivation and Research Challenges

The rapid growth of online communication platforms has fundamentally trans-

formed how people interact, exchange information, and express emotions, making dig-

ital environments a primary locus of affective experience in contemporary life. With

over five billion Internet users worldwide1, emotions are now routinely expressed and

perceived through social networks, video-sharing platforms, and conversational appli-

cations, where they shape user engagement, social interaction, and interpersonal under-

standing. In this context, automatic emotion recognition has become a core capability

for intelligent systems in human–computer interaction and social computing, enabling

machines to sense, interpret, and respond to users’ affective states in a more human-

centered manner. Recent discussions also highlight that emotional intelligence and the

ability to understand others’ feelings are increasingly important in many aspects of mod-

ern life, from interpersonal communication to decision making2, 3.

In natural human communication, emotional states are rarely conveyed through

a single channel. Instead, affect is expressed through the coordinated interaction of

linguistic content, vocal characteristics, facial expressions, and visual context, which

together give rise to rich and nuanced emotion displays. This inherently multimodal
nature of emotional expression has motivated extensive research in Affective Comput-

ing, an interdisciplinary field that seeks to endow machines with the ability to recognize,

interpret, and regulate human affective states by integrating insights from computer sci-

ence, psychology, and cognitive science [12, 74, 89]. Building upon this foundation,

Multimodal Affective Computing (MAC) has emerged as a prominent research direc-

tion that studies emotion understanding through the joint modeling of heterogeneous

modalities such as text, audio, and visual signals [20, 22, 69, 140].

1https://www.statista.com/statistics/617136/digital-population-worldwide/
2https://www.mckinsey.com/about-us/new-at-mckinsey-blog/adam-grant-on-modern-leadership
3https://dilanconsulting.com/why-leaders-must-master-emotional-intelligence-in-2025/
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Figure 1: Overview of the framework for Multimodal Affective Analysis. The figure is
integrated and adapted from [20, 94].

Human affect itself represents a complex psychological and physiological phe-

nomenon that manifests through multiple expressive channels and gives rise to discrete

and continuous emotional experiences [41]. While early affective analysis studies pri-

marily focused on individual modalities such as text, speech, or facial images, advances

in sensing technologies and deep learning have enabled increasingly effective multi-
modal approaches that more faithfully capture how emotions are communicated in real

interactions [5]. This progress has led to the broader framework of Multimodal Affec-
tive Analysis (MAA), which investigates how affective states, particularly emotions, can

be modeled by integrating information from multiple heterogeneous sources [20, 94]. As

illustrated in Figure 1, MAA lies at the intersection of Affective Computing, Multime-

dia, and Multimodal Machine Learning, and provides a unifying perspective for studying

multimodal emotion analysis.

Within this broad framework, this dissertation focuses on Multimodal Emo-
tion Recognition in Conversation (MERC) as a concrete and practically significant

task. MERC aims to automatically identify the emotional state associated with each

utterance in a dialogue by jointly modeling multimodal signals together with conver-

sational context and speaker interactions. Compared with static emotion recognition

settings, MERC places a stronger emphasis on the dynamics of emotions across di-
alogue turns, where temporal dependencies, speaker-specific behavior, and interper-

sonal relations jointly shape how emotions are expressed, perceived, and evolve over

time [23]. Consequently, MERC constitutes a challenging instantiation of multimodal
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Figure 2: The rising wave of research in MERC. (Data source: openalex.org)

affective analysis and serves as the central task guiding the methodological design and

experimental investigation throughout this dissertation.

The increasing importance of emotion-centric applications has coincided with a

rapid expansion of research activities in multimodal affective computing and MERC.

As shown in Figure 2, the number of publications and citations in this area has grown

substantially in recent years, reflecting both methodological advances in multimodal

learning and the demand for robust emotion-aware systems in real-world scenarios. This

trend further underscores the need for principled multimodal emotion modeling that

can cope with the complexity of conversational data.

Effective multimodal fusion is therefore a core component of MERC, as it de-

termines how heterogeneous modality-specific representations are integrated to capture

complementary emotional cues while preserving conversational context. Advances in

multimodal representation learning and fusion strategies have significantly contributed

to progress in this area [5, 48, 80]. However, many existing MERC models are devel-

oped under idealized assumptions in which all modalities are fully observed, equally

reliable, and contribute uniformly to learning, which only partially reflects the condi-

tions under which emotions are actually expressed and sensed in everyday interactions.

In the Vietnamese context, research on emotion recognition has also progressed

across multiple modalities and application scenarios. Existing works cover speech emo-

5
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tion recognition for Vietnamese using traditional models such as GMM/HMM and, more

recently, deep learning pipelines developed in VLSP ASR/SER challenges, where mod-

els are trained on short utterances with a small number of emotion categories. Other

studies explore emotion-aware dialogue systems or multimodal settings combining text

and images, as well as systems that fuse facial expressions with EEG signals for emotion

recognition in controlled laboratory environments.

In real-world conversational scenarios, multimodal data supporting emotion recog-

nition are often low-quality and imperfect. Different modalities may vary substan-

tially in reliability due to noise, occlusion, sensor failures, or asynchronous data acqui-

sition, and emotional cues themselves can be subtle, context-dependent, and unevenly

distributed across modalities. Empirical studies have shown that multimodal learning

models can be misled by spurious correlations and biased modality contributions when

trained under such conditions [139], leading to degraded emotion recognition perfor-

mance and poor generalization. These issues are particularly pronounced in MERC,

where correctly interpreting an utterance’s emotion often requires integrating weak or
partially missing cues from several modalities together with the surrounding conversa-

tional context.

Despite substantial advances enabled by deep learning, MERC therefore remains

challenging under realistic conditions. To clearly position this dissertation within the

MERC literature and to highlight unresolved challenges in multimodal fusion for con-
versational emotion recognition, Table 2 summarizes major categories of MERC ap-

proaches, their strengths, limitations, and open research gaps. In summary, existing

MERC approaches continue to face three fundamental challenges: (1) designing mul-

timodal fusion mechanisms that effectively integrate complementary cues while pre-

serving modality-specific characteristics; (2) modeling temporal and speaker-dependent

conversational context in a structured and scalable manner; and (3) ensuring robustness

under low-quality multimodal data, most notably in the presence of incomplete modal-

ities and imbalanced modality contributions. These challenges are closely intertwined

and collectively limit the robustness and generalization of current multimodal emotion

recognition systems in conversational settings.

More specifically, the limitations of existing studies can be grouped into three
problem axes that motivate this dissertation. First, many multimodal ERC models im-

prove performance by combining textual, acoustic, and visual features, but their fusion

mechanisms often treat modality representations as uniformly reliable or mainly opti-
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Method

Category

Representative

Approaches

Key

Strengths

Main

Limitations

Open Challenges

in MERC

Unimodal ERC
Models

Text-, audio-, or
vision-based ERC
models

Simple and efficient;
effective when one
modality dominates

Ignore complementary emo-
tional cues from other modal-
ities; highly sensitive to noise

Inability to model cross-
modal interactions required
for reliable MERC

Early Multi-
modal Fusion
for ERC

Feature concate-
nation, early/late
fusion

Straightforward mul-
timodal integration;
low implementation
cost

Treat all modalities equally;
neglect modality-specific reli-
ability and interaction struc-
ture

Need principled fusion
mechanisms tailored to
conversational emotion
recognition

Attention-based
Multimodal
ERC

Cross-attention and
co-attention based
ERC models

Explicitly model
cross-modal inter-
actions; improved
alignment

Typically assume complete
and clean modalities; vul-
nerable to noisy or dominant
modalities

Robust multimodal fusion
under incomplete and
imbalanced conversational
data

Context-aware
ERC Models

RNN- or
Transformer-based
dialogue emotion
models

Capture temporal de-
pendencies across di-
alogue turns

Limited modeling of speaker
interactions and structured
conversational relations

Structured modeling of
temporal and speaker-
dependent context in
MERC

Graph-based
MERC Models

Graph neural
networks for con-
versational emotion
recognition

Flexible relational
modeling; capture
inter-utterance and
inter-speaker depen-
dencies

Graph construction and train-
ing stability remain challeng-
ing; often assume full modal-
ities

Unified modeling of multi-
modal fusion and conversa-
tional structure

MERC with
Incomplete
Modalities

Modality dropout,
reconstruction-
based ERC methods

Improve robustness
when some modali-
ties are missing

Rely on strong assumptions or
modality-specific heuristics

Reliable information propa-
gation and fusion under se-
vere modality incomplete-
ness

MERC with
Modality Imbal-
ance

Reweighting, gra-
dient balancing,
curriculum-based
ERC methods

Mitigate modality
dominance; improve
training stability

Often model-dependent; lim-
ited generalization across ar-
chitectures

Model-agnostic and adap-
tive balancing strategies for
MERC

Table 2: Comparison of major categories of MERC methods, highlighting their
strengths, limitations, and open research challenges.

mize task accuracy without explicitly preserving modality-specific characteristics and

cross-modal complementarity [24, 30, 31, 33, 60, 131, 132]. As a result, such models

may fail to fully exploit weak but useful affective cues from non-dominant modalities.

Second, although context-aware and graph-based ERC models have improved the mod-

eling of dialogue history and speaker relations [35, 40, 91, 123, 126, 136], they are

still often designed under full-modality assumptions and do not sufficiently consider

how conversational structure interacts with multimodal fusion. Third, robust multi-

modal learning under low-quality data remains underexplored in MERC: methods for

incomplete modalities frequently rely on reconstruction or imputation assumptions that

may introduce noisy affective cues, while modality-balancing methods are often model-

dependent or focus on a single level of imbalance [49, 71, 122, 135, 142, 150]. These

observations indicate the need for MERC models that jointly address structured mul-
timodal fusion, robustness to incomplete modalities, and balanced learning under
modality dominance.
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Motivated by these emotion-centered challenges, this dissertation aims to advance

multimodal emotion recognition in conversation through a systematic investigation of

multimodal fusion and contextual modeling under realistic data conditions. By ad-

dressing both representational design and learning robustness, this work seeks to im-

prove the reliability of MERC systems in practical conversational scenarios and to con-

tribute to the broader development of emotion-aware intelligent systems.

In addition to the international literature summarized above, several research ef-

forts in Vietnam have also contributed to emotion recognition across different modal-

ities and application scenarios. Early studies on Vietnamese speech emotion recogni-

tion (SER) [44] explored traditional statistical models such as Gaussian Mixture Models

(GMM) and Hidden Markov Models (HMM), using prosodic and spectral features to

distinguish a small set of basic emotions from read or semi-spontaneous speech. More

recently, the VLSP 2023 4 and VLSP 2025 5 shared tasks on ASR/SER have fostered the

development of deep learning-based pipelines for Vietnamese speech and speech emo-

tion recognition, providing benchmark datasets and baselines for neutral versus negative

affective states in short utterances.

Beyond speech-only SER, some works investigate multimodal or cross-modal set-

tings in Vietnamese. For instance, Pham et al. [101] propose a lightweight confidence-

based fusion framework that combines a HuBERT-based voice classifier and a PhoBERT-

v2 text classifier for Vietnamese emotion recognition from voice and text, achieving ro-

bust performance on datasets such as UIT-VSMEC [67] and Bud500 [1]. Other studies

focus on text-based emotion or sentiment classification for Vietnamese social media,

such as the UIT-VSMEC [67] corpus, which supports neural models for recognizing

multiple emotion categories in user-generated content. In another direction, multimodal

settings combining facial expressions with EEG signals have been explored in controlled

laboratory environments, where emotion is inferred from synchronized visual and brain-

activity signals rather than from conversational context [66]. Overall, these efforts illus-

trate a growing interest in emotion recognition in Vietnam across speech, text, and phys-

iological signals, but they predominantly operate in single-utterance, single-modality,

or non-conversational scenarios, and thus only partially overlap with the multimodal,

conversation-centric setting considered in this work.

4https://vlsp.org.vn/vlsp2023/eval/asr
5https://vlsp.org.vn/vlsp2025/eval/asr-ser
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Research Scope, Objectives, and Questions

Guided by the challenges identified in the preceding subsection, this dissertation

focuses on advancing MERC through principled multimodal fusion and contextual mod-

eling under realistic data conditions. The scope is defined to ensure conceptual clarity

and methodological coherence, while avoiding affective analysis tasks that are not cen-

tral to conversational emotion recognition. It is specified along two complementary

dimensions: task scope and methodological scope.

• Task scope. This dissertation investigates MERC, where emotional states are in-

ferred from conversational data by jointly modeling heterogeneous multimodal

signals, including language, acoustic cues, and visual expressions, together with

dialogue context and speaker interactions. The focus is on conversational settings

in which emotions evolve dynamically across dialogue turns and are shaped by

both temporal dependencies and interpersonal relations among speakers.

• Methodological scope. This dissertation develops deep learning models for mul-

timodal fusion in MERC, with emphasis on (i) learning expressive multimodal

representations that capture complementary cross-modal interactions, (ii) model-

ing conversational context in a structured and scalable manner, and (iii) ensuring

robustness and stability under low-quality multimodal data, including incomplete

modalities and imbalanced modality contributions.

Within this scope, the dissertation is organized around two core research objec-

tives that instantiate three problem axes introduced in the Motivation: (i) structured
multimodal fusion and conversational contextual modeling, (ii) robust fusion un-
der incomplete modalities, and (iii) balanced learning under modality dominance.

Objective O1 addresses the first axis by studying multimodal fusion and conversational

modeling under full-modality conditions, leading to two research questions (RQ1–RQ2)

on utterance-level fusion and dialogue-level context modeling. Objective O2 covers

the other two axes by focusing on robust fusion under incomplete modalities (RQ3) and

balanced multimodal learning under modality dominance (RQ4).

Objective O1: Multimodal fusion and contextual modeling for MERC. The

first objective is to design multimodal fusion architectures tailored to the characteristics

of conversational emotion recognition. It focuses on learning multimodal representa-

tions that integrate heterogeneous modality-specific cues while preserving their indi-

vidual characteristics, and on modeling temporal dependencies and speaker interactions

9



that govern emotional dynamics in conversations. This objective leads to the following

research questions:

• RQ1. How can multimodal representations be effectively learned and fused at the

utterance level by capturing both intra-modality characteristics and inter-modality

complementary interactions for emotion recognition in conversation?

• RQ2. How can temporal dependencies and speaker interactions in conversations

be modeled in a structured and progressive manner to enable effective contextual

reasoning for multimodal emotion recognition in conversation?

These questions are addressed in Chapter 2.

Objective O2: Robust and balanced multimodal fusion for MERC. The sec-

ond objective is to improve the robustness and reliability of MERC models in realistic

scenarios where multimodal data are imperfect. It addresses challenges arising from in-

complete modalities and imbalanced modality contributions, which frequently occur in

real-world conversational data and can substantially degrade multimodal learning per-

formance. Accordingly, the following research questions are formulated:

• RQ3. In MERC scenarios with incomplete modalities, how can missing mul-

timodal features be effectively compensated and complementary information be

propagated across modalities to maintain robust multimodal representations?

This research question is addressed in Chapter 3.

• RQ4. How can training and optimization strategies be designed to mitigate im-

balance across feature-, modality-, emotion-, and dialogue-level signals, thereby

improving training stability and generalization performance in multimodal emo-

tion recognition in conversation?

This research question is addressed in Chapter 4.

Together, these objectives and research questions define a coherent and progressive

research agenda for Multimodal Emotion Recognition in Conversation. The dissertation

moves from multimodal fusion and contextual modeling under ideal full-modality con-

ditions to robust and balanced learning under realistic data imperfections, providing the

basis for the methodological contributions and experimental studies presented in the

subsequent chapters.
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Significance and Contribution

This dissertation contributes to MERC by developing a coherent set of modeling

and learning capabilities that directly correspond to the three problem axes identified in

the Motivation. Rather than treating individual models as isolated solutions, the con-

tributions are organized around three complementary capability axes: structured mul-
timodal conversational modeling, robust representation learning under modality
incompleteness, and balanced learning under modality dominance. This organiza-

tion clarifies how the proposed methods collectively address central limitations of prior

MERC studies.

• Structured multimodal conversational modeling. This dissertation establishes

a principled framework for jointly modeling multimodal fusion, temporal dynam-

ics, and speaker-dependent conversational structure in MERC. Through relational–

temporal graph modeling, modality-aware interaction mechanisms, and structured

conversational reasoning, it provides a consistent approach to learning expressive

and context-aware multimodal representations for conversational emotion recog-

nition. These capabilities are realized by the proposed CORECT [VanNTC 1]

framework and the MultiDAG+CL model [VanNTC 2]. CORECT is evaluated on

IEMOCAP and CMU-MOSEI, while MultiDAG+CL is evaluated on IEMOCAP

and MELD.

• Robust multimodal representation under modality incompleteness. Building

on structured multimodal conversational modeling, this dissertation addresses the

challenge of missing modalities by developing mechanisms that estimate and prop-

agate complementary information across modalities. The proposed framework en-

hances the robustness of MERC systems by maintaining reliable multimodal rep-

resentations even when one or more modalities are partially or entirely unavail-

able. This capability is realized by the Mi-CGA framework [VanNTC 3], which

is evaluated under incomplete-modality settings on IEMOCAP, CMU-MOSI, and

CMU-MOSEI.

• Balanced learning dynamics under modality dominance. Beyond representa-

tion design, this dissertation investigates how learning dynamics influence multi-

modal fusion in MERC. By introducing adaptive and curriculum-based balancing

strategies, it mitigates modality dominance during training and improves the sta-

bility and generalization of MERC models across diverse data conditions. These
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strategies are realized by Ada2I [VanNTC 4] and Self-Paced Curriculum Learn-

ing (SPCL) [VanNTC 5], which are evaluated on IEMOCAP, MELD, and CMU-

MOSEI.

Together, these contributions define a unified research framework that advances

MERC from structured multimodal conversational modeling to robust and balanced

learning under realistic data imperfections.

Dissertation Structure

Figure 3 illustrates the overall organization of this dissertation, which consists of a

Preamble, four main Chapters, and a Conclusion. The dissertation is centered on a uni-

fied research theme - MERC- and follows a progressive research agenda that advances

from structured multimodal conversational modeling under full-modality conditions to

robust and balanced learning under realistic data imperfections.

PREAMBLE

Chapter 1.

ADVANCED DEEP LEARNING FOR 

MULTIMODAL EMOTION RECOGNITION

Chapter 2.

MULTIMODAL FUSION FOR EMOTION RECOGNITION IN CONVERSATION
[VanNTC 1] (COLING, 2024) 

[VanNTC 2] (EMNLP, 2023)

Chapter 3.

MULTIMODAL EMOTION RECOGNITION 

IN CONVERSATION UNDER 

INCOMPLETE MODALITY CONDITION

CONCLUSION

Chapter 4.

MULTIMODAL EMOTION RECOGNITION 

IN CONVERSATION UNDER 

IMBALANCED MODALITY CONDITION

[VanNTC 5] (ACM Multimedia, 2024)

[VanNTC 6] (Neural Computing and 

Applications, 2025)
[VanNTC 4] (NeuroComputing, 2025)

ROBUST MULTIMODAL FUSION UNDER LOW-QUALITY DATA

Figure 3: The overall organization of the dissertation. Related publications are listed
alongside their corresponding chapters.

The dissertation is organized into two complementary parts. The first part estab-

lishes the methodological foundation for MERC by focusing on multimodal fusion and
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conversational modeling under full-modality settings (Objective O1). Building on this

foundation, the second part extends the investigation to robustness and learning stabil-

ity under low-quality multimodal data conditions, where assumptions such as modality

completeness and balanced modality contributions no longer hold (Objective O2). To-

gether, these parts operationalize the three problem axes introduced in the Preamble:

structured multimodal fusion and contextual modeling, robust fusion under incomplete

modalities, and balanced learning under modality dominance.

The Preamble introduces the research motivation, scope, objectives, and key con-

tributions of the dissertation. It positions MERC within the broader landscape of mul-

timodal affective analysis, identifies fundamental challenges in multimodal fusion and

conversational modeling, and outlines the overall research roadmap.

Chapter 1 provides the conceptual and methodological foundations required for

this dissertation, including multimodal machine learning fundamentals, problem formu-

lations for MERC, commonly used datasets, and evaluation protocols, as well as key

challenges related to multimodal fusion, incomplete modalities, and modality imbal-

ance.

Chapter 2 investigates structured multimodal fusion and conversational modeling

for MERC under full-modality conditions. This chapter focuses on learning expres-

sive multimodal representations while explicitly modeling temporal dependencies and

speaker interactions, addressing the core challenges of multimodal representation learn-

ing and contextual reasoning.

Chapter 3 extends the study to MERC under incomplete modality conditions. It

proposes robust fusion strategies that compensate for missing cues through cross-modal

information propagation, aiming to maintain reliable multimodal representations and

stable emotion recognition performance.

Chapter 4 focuses on learning stability under modality imbalance. This chapter

investigates adaptive and curriculum-based strategies that regulate modality contribu-

tions during training, improving optimization stability and generalization in realistic

conversational settings.

Finally, the Conclusion and Future Work summarizes the main findings and con-

tributions of the dissertation, discusses its limitations, and outlines directions for future

research, particularly toward more robust and scalable multimodal conversational intel-

ligence systems.
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Chapter 1

Advanced Deep Learning for
Multimodal Emotion Recognition

In this chapter, we will provide a brief introduction to several background topics,

definitions of the key concepts and notation that will be extensively used throughout this

dissertation. Additional background is introduced where necessary in later chapters.

1.1 Emotion and Multimodal Emotion Recognition

Emotions are discrete affective states that arise in response to specific events or

stimuli and are characterized by coordinated changes in subjective experience, expres-

sive behavior, and physiological response [86]. Unlike broader affective phenomena

such as moods (which are diffuse and long-lasting) or attitudes (which reflect evaluative

dispositions), emotions are episodic, intense, and object-directed [16]. Within affective

computing, emotions are often distinguished from related constructs such as affect and

sentiment: affect typically denotes pre-conscious feeling states, while sentiment reflects

relatively stable evaluative attitudes toward entities or topics [63]. Emotions are there-

fore a primary focus of computational affective analysis.

Psychological research has proposed several influential emotion representation the-

ories. Discrete emotion theories posit a small set of universally recognizable categories

such as happiness, anger, or sadness [17]. Dimensional theories characterize emotions

along continuous axes, most notably arousal and valence, as exemplified by Russell’s

Circumplex Model of Affect (Figure 1.1a) [84]. Dyadic or hybrid models, such as the

Hourglass of Emotions (Figure 1.1b), integrate categorical structure with graded inten-
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sity [99]. These schemes provide the conceptual foundation for defining learning objec-

tives in affective analysis.

(a) The Circumplex Model of Affect ex-
emplifies dimensional emotion represen-
tations and encompasses 28 affect words
[84]. Arousal is depicted along the verti-
cal axis, valence along the horizontal axis,
with the neutral point at the center.

disgust are now blue and green, respectively) and

an enhanced organization of the model (positive

emotions now reside in the upper part of the

Hourglass while negative ones are at the

bottom).

Presence of Neutral Emotions
One of the main problems with the previous

model was the presence of ambiguous emotions

(e.g., distraction16) and, especially, neutral emo-

tions, e.g., surprise. Here, we do not want to

debate whether surprise is an emotion or not4

but we definitely do not want it in a model that is

catered for sentiment analysis as this will lead to

the wrong categorization of all concepts (words

and multiword expressions) that are semanti-

cally associated with it. Surprise, in fact, only

becomes polar when coupled with positive or

negative emotions (see Table 1).

Absence of Some Polar Emotions
Another issue with the original model was the

absence of some important polar emotions, e.g.,

calmness and eagerness. All the concepts associ-

ated with such emotions, e.g., deep_breath or

volunteer, were going undetected by the model

and, hence, miscategorized as neutral. This issue

extended to germane emotions, e.g., enthusiasm

and bliss, and concepts associated with them,

e.g., ambition ormeditation.

Wrong Association of Antithetic Emotions
One of the main advantages of having an emo-

tion categorization model is to be able to classify

unknown concepts based on known features. For

example, if the model did not contain the emotion

discomfort, it could look up its opposite (comfort)

and flip its polarity to obtain the polarity of the

unknown concept. This mechanism works well in

the new model, as emotions are now organized

with respect to their polarity (see Table 2), but it

generated a lot of errors in the previous version of

the Hourglass, as this contained wrong associa-

tions of antithetic emotions, e.g., anger and fear

(which are both negative) or surprise and anticipa-

tion (which are opposite in terms of meaning but

not in terms of polarity).

Low Polarity Scores for Compound Emotions

The main goal of sentiment analysis is to cal-

culate the polarity value (positive or negative) of

a piece of text, an image or a video. In many appli-

cations, polarity intensity also plays an impor-

tant role for classification and decision making.

The old Hourglass model had a big shortcoming

in this sense: to make sure the polarity value

stayed between "1 (extreme negativity) and +1

(extreme positivity), a static normalization factor

was introduced. Such a normalization factor,

however, made the polarity intensity ofmost con-

cepts very low.

Figure 1. Hourglass model revisited.

Table 1. Examples of compound emotions.

Affective Computing and Sentiment Analysis

98 IEEE Intelligent Systems

(b) The Hourglass of Emotions model rep-
resents a dyadic and categorisational emo-
tion structure, commonly adopted in text
sentiment analysis [99].

Figure 1.1: Illustration of (a) dimensional and (b) dyadic emotion representation models

Affective computing, introduced by Picard [74], aims to enable computational sys-

tems to recognize, interpret, and respond to human affective states. Within this land-

scape, Multimodal Affective Analysis focuses on understanding affective states by

jointly leveraging textual, acoustic, and visual modalities, which naturally align with

how emotions are expressed in human communication [111].

Multimodal Emotion Recognition (MER) integrates signals from text, audio, and

vision to infer emotional states. Compared to unimodal approaches, multimodal systems

offer three key advantages [76]: (i) complementarity: different modalities capture dis-

tinct aspects of emotion; (ii) redundancy: when one modality is noisy or missing, others

can compensate; and (iii) disambiguation: multimodal cues jointly resolve ambiguities

inherent in single modalities (e.g., the utterance “I’m fine” can express happiness, frus-

tration, or sarcasm depending on vocal tone and facial expression).

Effective MER requires addressing challenges in multimodal representation learn-
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Figure 1.2: Overview of Affective Computing [111]. The highlighted area indicates the
focus of this dissertation: multimodal affective analysis with textual, visual, and auditory
modalities.

ing and fusion, as well as modeling temporal and speaker-dependent dynamics in conver-

sational settings. Furthermore, real-world MER must handle low-quality data, includ-

ing incomplete modalities and imbalanced modality contributions, which directly

motivate the methods proposed in this dissertation.

1.2 Multimodal Machine Learning

Effective multimodal emotion recognition requires learning expressive represen-

tations that capture both intra-modal characteristics and inter-modal interactions. This

problem is central to Multimodal Machine Learning (MML), which studies computa-

tional systems that process and relate information from multiple modalities [5].

Definition 1.1. A modality refers to a way in which a natural phenomenon is perceived

or expressed.

Definition 1.2. Multimodal refers to situations where multiple modalities are involved.

Definition 1.3. Multimodal Deep Learning is a branch of machine learning that aims to

learn representations and build models capable of processing and relating information

from multiple modalities.

Given a dataset D = {(x1
i , x

2
i , . . . , x

M
i , yi)}N

i=1 with N samples and M modalities,
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a multimodal model predicts ŷi by encoding each modality independently and integrat-

ing the results through a fusion function:

ŷi = ffusion

(
f1(x1

i ), f2(x2
i ), . . . , fM(xM

i )
)
, (1.1)

where fm(·) is a modality-specific encoder and ffusion(·) integrates information across

modalities. The training objective minimizes empirical risk:

min
θfusion, θ1,...,θM

1
N

N∑
i=1
L(ŷi, yi). (1.2)

As outlined in Baltrušaitis et al. [5], MML presents five core technical challenges:

• Representation: summarizing heterogeneous data by exploiting complementarity

and redundancy across modalities.

• Translation: mapping data from one modality to another, where multiple valid

translations may exist.

• Alignment: identifying direct relations between elements of different modalities.

• Fusion: joining information from multiple modalities for prediction. This is the

central challenge addressed in this dissertation.

• Co-learning: transferring knowledge between modalities, particularly when one

modality has scarce data.

MML enables a broad spectrum of applications, from audio-visual speech recog-

nition to image captioning, as summarized in Table 1.1. This dissertation focuses on

Multimodal Emotion Recognition in Conversation, where multimodal fusion and co-
learning play central roles, as highlighted in the table.

1.3 Multimodal Data Fusion

1.3.1 Multimodal Fusion Mechanisms

Multimodal fusion determines how heterogeneous information from multiple modal-

ities is integrated to form task-relevant representations [5]. Beyond the classical distinc-

tion of early, late, and hybrid fusion strategies [80], recent advances have shifted fo-
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Table 1.1: A summary of applications enabled by multimodal machine learning. For
each application area we identify the core technical challenges that need to be addressed
in order to tackle it [5].

Challenges

Applications Representation Translation Alignment Fusion Co-learning

Speech recognition and synthesis
Audio-visual speech recognition ✓ ✓ ✓ ✓
(Visual) speech synthesis ✓ ✓

Event detection
Action classification ✓ ✓ ✓
Multimedia event detection ✓ ✓ ✓

Emotion and affect
Recognition ✓ ✓ ✓ ✓
Synthesis ✓ ✓

Media description
Image description ✓ ✓ ✓ ✓
Video description ✓ ✓ ✓ ✓ ✓
Visual question-answering ✓ ✓ ✓ ✓
Media summarization ✓ ✓ ✓

Multimedia retrieval
Cross modal retrieval ✓ ✓ ✓ ✓
Cross modal hashing ✓ ✓

cus toward learnable and parameterized fusion mechanisms [68, 141] that model cross-

modal interactions in an end-to-end manner. Contemporary methods are broadly cate-

gorized by their underlying interaction mechanisms [29]; in particular, attention-based

and graph neural network-based paradigms have emerged as dominant frameworks for

MERC.

1.3.1.1 Classical Multimodal Fusion Strategies

Classical fusion approaches are categorized by the stage at which modalities are

integrated: early (feature-level), intermediate (joint), late (decision-level), and mixed

(hybrid) fusion.

Early Fusion (Feature-level Fusion). Early fusion, also referred to as data-level or

feature-level fusion, integrates information from multiple modalities at the input stage or

at very shallow representation levels. Formally, given modality-specific inputs {xm
i }m∈M

for an utterance ui, early fusion constructs a joint representation by direct aggregation:

xearly
i = Concat

(
{xm

i }m∈M
)
, hi = f

(
xearly

i

)
, (1.3)
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where a single predictive model f(·) is trained on the concatenated multimodal input.

This strategy preserves low-level information from each modality and allows cross-

modal interactions to emerge implicitly within a unified learning framework. How-

ever, early fusion assumes that heterogeneous modality features can be meaningfully

aligned in a shared input space. In practice, low-level features from different modal-

ities often differ substantially in scale, structure, and semantic richness, making early

fusion highly sensitive to modality heterogeneity and representation imbalance. More-

over, since modality-specific characteristics are not explicitly modeled, early fusion of-

fers limited flexibility when incorporating new modalities and may struggle to capture

meaningful cross-modal semantics without carefully designed modality-dependent pre-

processing or normalization (Figure 1.3).

Model Model

(b) Early Fusion – Type 2(a) Early Fusion – Type 1

Figure 1.3: Classical multimodal fusion strategies: Early fusion

Intermediate (Joint) Fusion. Processing each modality through a dedicated encoder

to learn modality-specific latent representations, which are then integrated and jointly

optimized for the downstream prediction task. Formally, for an utterance ui with multi-

modal inputs {xm
i }m∈M, modality-specific representations are obtained as:

hm
i = fm(xm

i ), m ∈M. (1.4)

These representations are subsequently combined through a multimodal fusion function:

hi = ffusion

(
{hm

i }m∈M
)
, (1.5)

and used for emotion prediction.

By decoupling unimodal representation learning from multimodal integration, in-

termediate fusion enables gradients to propagate back through modality-specific en-

coders during end-to-end training. This design allows the model to capture cross-modal
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interactions at higher levels of abstraction, while preserving modality-dependent char-

acteristics. As a result, intermediate fusion serves as the dominant formulation underly-

ing most modern multimodal fusion architectures, including attention-based and graph-

based methods.

Despite its expressive power, intermediate fusion typically introduces increased

model complexity and a larger number of learnable parameters. Consequently, it often

requires more training data and careful optimization, making it more challenging to train

effectively in data-scarce or low-quality multimodal settings (Figure 1.4).

Neural 
Network 1

Neural 
Network 2

Model

Neural 
Network 1

Model
LossLoss

Loss

(b) Join Fusion Type 2(a) Join Fusion Type 1

Figure 1.4: Classical multimodal fusion strategies: Join fusion

Late Fusion (Decision-level Fusion). Late fusion integrates modalities at the decision

level by combining predictions from independently trained modality-specific models.

In this paradigm, each modality is processed in isolation, and multimodal integration

is deferred until after unimodal inference. Formally, for each modality m ∈ M, a

modality-specific predictor produces an intermediate decision:

ŷm
i = gm(fm(xm

i )) , (1.6)

where fm(·) denotes the modality encoder and gm(·) is a modality-specific classifier.

The final prediction is then obtained by aggregating unimodal decisions:

ŷi = ffusion

(
{ŷm

i }m∈M
)
, (1.7)

where ffusion(·) typically corresponds to weighted averaging, voting, or a meta-classifier.

By decoupling unimodal processing, late fusion offers high modularity and natural

robustness to missing modalities, as each modality can be trained and evaluated inde-
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pendently. However, because inter-modal interactions are not explicitly modeled at the

representation level, late fusion is fundamentally limited in its capacity to capture cross-

modal dependencies. This often leads to information loss and suboptimal performance

in tasks such as multimodal emotion recognition, where complementary cues across

modalities play a crucial role (Figure 1.5).

Model 1 Model 2

Aggregation

Figure 1.5: Classical multimodal fusion strategies: Late fusion

Mixed (Hybrid) Fusion. This mechanism combines multiple fusion paradigms within

a single framework, allowing different modalities to be integrated at different stages of

the learning pipeline. Rather than committing to a single fusion point, mixed fusion

instantiates the fusion function ffusion(·) at multiple levels, enabling modality-specific

processing depths while still supporting cross-modal interaction.

Formally, mixed fusion can be viewed as a composition of intermediate represen-

tations and fusion operations:

hi = f
(L)
fusion

(
h(L−1)

i , f
(L−1)
fusion

(
{hm

i }m∈M
))
, (1.8)

where fusion is performed at multiple layers or stages with potentially different param-

eterizations.

By integrating modalities progressively, mixed fusion mitigates the representation

imbalance often encountered in early fusion while enabling inter-modality interactions

that are not captured by purely late fusion. This strategy provides greater flexibility by

tailoring fusion depth and representation learning to the characteristics of each modal-

ity. However, mixed fusion introduces additional architectural complexity, as determin-

ing appropriate fusion stages, interaction mechanisms, and training strategies typically

requires careful design choices and domain knowledge.
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1.3.1.2 Attention-based Fusion

Attention mechanisms address a key limitation of classical fusion: the inability to

adaptively regulate modality contributions under varying contextual conditions [3, 105].

In MERC, the informativeness of each modality varies across utterances, speakers, and

dialogue turns, making data-driven relevance modeling essential.

Scaled Dot-product Attention. Given queries Q, keys K, and values V, scaled dot-

product attention is defined as:

Attn(Q,K,V) = softmax
(

QK⊤
√
dk

)
V, (1.9)

where dk denotes the key dimension.

As defined in Section 1.2, a multimodal deep learning model consists of modality-

specific encoders {fm(·)}M
m=1 and a multimodal fusion function ffusion(·). Let Xm denote

the (utterance-level or sequence-level) representation of modality m ∈ M produced by

its encoder, i.e., Xm = fm(xm), with Xm ∈ RN×dm for a conversation of N utter-

ances. Attention-based fusion instantiates ffusion through learnable attention operations

applied at different scopes. Below we describe three representative forms: intra-modal

attention, cross-modal attention (directional and bidirectional), and stacked cross-modal

interaction (Transformer-style).

Intra-modal Attention (within-modality refinement). Intra-modal attention models

dependencies within each modality to emphasize salient elements before multimodal

integration. Given a structured representation Xm (e.g., a temporal sequence), intra-

modal attention produces a refined modality embedding:

X̃m = Attnintra(Xm), (1.10)

where Attnintra(·) can be implemented by applying attention over temporal/spatial to-

kens. The refined representations are then combined by a fusion function:

H = ffusion

(
{X̃m}m∈M

)
. (1.11)

While intra-modal attention improves unimodal representation quality, it does not ex-

plicitly model cross-modal complementarity.
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Cross-modal Attention (directional information flow). Cross-modal attention ex-

plicitly models interactions across modalities by conditioning one modality on another.

Given two modalities δ and γ, with representations Xδ ∈ RN×dδ and Xγ ∈ RN×dγ ,

directional cross-modal attention from δ to γ (denoted “δ → γ”) is computed by:

Qγ = XγWQγ , (1.12)

Kδ = XδWKδ , (1.13)

Vδ = XδWV δ , (1.14)

where WQγ ∈ Rdγ×dQ , WKδ ∈ Rdδ×dK , and WV δ ∈ Rdδ×dV are learnable projection

matrices. The cross-modal attention output is:

Hγ = softmax
(

Qγ(Kδ)⊤
√
dk

)
Vδ, Hγ ∈ RN×dV . (1.15)

This mechanism allows modality γ to selectively attend to information from modality δ

based on relevance scores.

Bidirectional Pairwise Cross-modal Interaction. Since multimodal emotional cues

are often complementary and mutually expressed, cross-modal attention is commonly

applied in both directions:

Hδ = CMAγ→δ(Xγ,Xδ), Hγ = CMAδ→γ(Xδ,Xγ). (1.16)

The bidirectional interaction representation for the pair (δ, γ) can be formed by concate-

nation:

Xδ⇄γ = [Hδ,Hγ] ∈ RN×2dV . (1.17)

Extending to multiple modalitiesM, bidirectional cross-modal interactions can be

computed for all modality pairs and aggregated:

XCross =
[
Xm1⇄m2

Cross ,Xm2⇄m3
Cross , . . .

]
, mi ∈M, (1.18)

where [·] denotes concatenation (or another aggregation operator depending on the ar-

chitecture).
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Stacked Cross-modal Interaction (Transformer-style). To capture higher-order and

long-range cross-modal dependencies, cross-modal attention blocks are often stacked

with residual connections, layer normalization, and position-wise feed-forward networks [2,

105]. Let Z[0]
δ⇄γ denote an initial representation for a modality pair (e.g., Z[0]

δ⇄γ = Xγ

when enriching γ using δ). At layer i, a Transformer-style update can be expressed as:

Z[i]
δ⇄γ = CMA[i]

δ→γ

(
LN(Z[i−1]

δ⇄γ ),LN(Xδ)
)

+ Z[i−1]
δ⇄γ , (1.19)

Z[i]
δ⇄γ = FFN

(
LN(Z[i]

δ⇄γ)
)

+ Z[i]
δ⇄γ, (1.20)

where LN(·) denotes layer normalization [2] and FFN(·) is a position-wise feed-forward

network. Stacking D layers enables iterative refinement of cross-modal representations

and facilitates deeper cross-modal reasoning.

Overall, attention-based fusion realizes ffusion(·) through learnable relevance mod-

eling at different scopes: (i) within-modality refinement, (ii) directional and bidirec-

tional cross-modal interaction, and (iii) stacked Transformer-style cross-modal reason-

ing. In MERC, these mechanisms are particularly effective for capturing fine-grained

cross-modal alignment and contextual relevance across dialogue turns. However, con-

versational emotions also involve structured dependencies (e.g., speaker interactions and

long-range relational influence) that are not explicitly enforced by attention alone. This

motivates fusion paradigms that incorporate explicit relational inductive biases, such as

graph-based multimodal fusion methods discussed in the following subsection.

1.3.1.3 Graph Neural Network-based Fusion

Multimodal conversational data exhibit inherently relational structure: utterances,

speakers, and modalities form interconnected entities whose dependencies are not ade-

quately captured by flat fusion mechanisms. Graph Neural Networks (GNNs) [26, 85]

provide a principled framework for modeling such structured dependencies through mes-

sage passing over graph-structured representations.

General Formulation. Let G = (V , E) denote a graph constructed from multimodal

data, where each node vi ∈ V is associated with an initial feature representation h(0)
i

derived from one or more modalities. A generic GNN layer updates node representations
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through message passing:

h(l+1)
i = ϕ

(
h(l)

i , {h
(l)
j | j ∈ N (i)}

)
, (1.21)

where N (i) denotes the neighbor set of node i, ϕ(·) is an aggregation function (e.g.,

mean, sum, attention-weighted aggregation), and l indexes the graph layers. By stacking

multiple layers, information can be progressively propagated across multi-hop neighbor-

hoods, enabling the modeling of higher-order dependencies. The final node or graph-

level representations can then be used as fused multimodal representations:

h = ffusion

(
{h(L)

i }i∈V
)
. (1.22)

From an inductive bias perspective, GNN-based fusion explicitly assumes that

multimodal interactions are structured and locally compositional. That is, complex mul-

timodal dependencies can be decomposed into a sequence of local interactions and pro-

gressively integrated through message passing. Unlike attention-based fusion, which

relies on similarity-based soft alignment in a shared latent space, GNNs encode inter-

action constraints directly through graph topology. This explicit relational bias enables

GNNs to capture structured dependencies, long-range interactions, and hierarchical re-

lationships, but also tightly couples representation learning to the quality of graph con-

struction.

Instantiation with GCNs. GCNs [43] instantiate the generic GNN formulation by

performing neighborhood aggregation through normalized graph convolution. Let A
denote the adjacency matrix of graph G and D its degree matrix. A typical GCN layer

updates node representations as:

H(l+1) = σ
(

D̃− 1
2 ÃD̃− 1

2 H(l)W(l)
)
, (1.23)

where Ã = A + I adds self-loops, D̃ is the corresponding degree matrix, W(l) is a

learnable weight matrix, and σ(·) is a nonlinear activation function.

From a fusion perspective, GCN-based fusion assumes that all neighboring nodes

contribute equally after normalization, making it well-suited for capturing smooth and

globally consistent relational patterns. In MERC, this property is particularly effec-

tive for modeling emotion propagation across dialogue turns or within speaker-specific

subgraphs. However, the uniform aggregation scheme limits the ability of GCNs to dif-
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ferentiate the relative importance of heterogeneous neighbors, which may be suboptimal

when multimodal or speaker interactions exhibit varying relevance.

Instantiation with GATs. GATs [8, 106] extend GCNs by introducing attention mech-

anisms to dynamically weight neighboring nodes during message passing. Instead of

relying on fixed normalization, GATs learn attention coefficients that reflect the impor-

tance of each neighbor.

Given node representations h(l)
i and h(l)

j , the attention coefficient from node j to

node i is computed as:

e
(l)
ij = LeakyReLU

(
a⊤
[
W(l)h(l)

i ∥W(l)h(l)
j

])
, (1.24)

α
(l)
ij =

exp(e(l)
ij )∑

k∈N (i) exp(e(l)
ik )

, (1.25)

where a and W(l) are learnable parameters and ∥ denotes concatenation. The node

update is then given by:

h(l+1)
i = σ

 ∑
j∈N (i)

α
(l)
ij W(l)h(l)

j

 . (1.26)

By learning edge-specific importance weights, GAT-based fusion enables adap-

tive and heterogeneous message passing. This property is especially advantageous in

multimodal conversational settings, where different speakers, modalities, or temporal

relations may contribute unequally to emotion inference. As a result, GATs provide a

more expressive relational fusion mechanism than GCNs, at the cost of increased com-

putational complexity and potential sensitivity to noisy edges.

GNN-based Representation Learning for Individual Modalities. One common strat-

egy applies GNNs independently to modality-specific graph-structured data in order to

enhance representations within each modality. Let hm,(0)
i denote the initial node repre-

sentation of modality m. A modality-specific GNN computes:

hm,(L)
i = GNNm

(
Gm,hm,(0)

i

)
, (1.27)
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where Gm represents the graph constructed for modality m. The resulting modality-

enhanced representations are then integrated using a fusion function:

h = ffusion

(
{hm,(L)

i }m∈M
)
. (1.28)

This strategy preserves modality-specific relational structures and allows flexible

downstream fusion. However, cross-modal interactions are only implicitly captured dur-

ing the fusion stage, limiting the expressiveness of inter-modality dependency modeling.

GNN-based Representation Learning on Fused Multimodal Graphs. An alterna-

tive strategy constructs a unified multimodal graph prior to representation learning,

where nodes and edges encode both intra-modality and inter-modality relationships.

Given a multimodal graph G with initial node features h(0)
i , a GNN directly learns fused

representations:

h(L)
i = GNN

(
G,h(0)

i

)
, (1.29)

followed by a readout or aggregation operation:

h = ffusion

(
{h(L)

i }i∈V
)
. (1.30)

By enforcing interactions through graph topology, this approach explicitly models

cross-modal dependencies and structured interactions. Nevertheless, its effectiveness is

highly sensitive to graph construction choices, such as node definitions, edge types, and

connectivity patterns, which may be task-dependent and difficult to generalize.

Implications for Multimodal Emotion Recognition in Conversation. In MERC,

graph structures naturally arise from conversational organization, where utterances, speak-

ers, and modalities form interconnected entities. Emotional states often propagate across

dialogue turns and speaker interactions, leading to structured temporal and relational

dependencies that are difficult to capture using flat fusion mechanisms alone. GNN-

based fusion provides a principled framework to explicitly model such dependencies

through relational edges and message passing, enabling structured contextual reason-

ing over multimodal conversational data. At the same time, challenges related to graph

design, scalability, and robustness motivate careful architectural choices when applying

GNN-based fusion in real-world MERC systems.
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Overall, GNN-based multimodal fusion offers a powerful and conceptually grounded

approach for integrating relational and structured multimodal data. By introducing an

explicit relational inductive bias, GNNs complement attention-based fusion mechanisms

and provide a natural foundation for modeling conversational emotion dynamics in this

dissertation.

1.3.2 Multimodal Fusion on Low-quality Data

Multimodal fusion, which integrates information from multiple modalities, has be-

come a cornerstone of MERC, as emotions in conversations are rarely expressed through

language alone. Vocal prosody, facial expressions, and visual context often provide

complementary affective cues that are critical for accurate emotion inference. However,

recent studies have revealed a fundamental challenge: traditional multimodal fusion

models are vulnerable to spurious correlations and modality bias, particularly when

multimodal data quality is low.

In conversational scenarios, the quality of different modalities can vary signifi-

cantly across utterances and speakers due to environmental noise, occlusions, sensor

failures, or recording conditions. For MERC, such variability is especially problem-

atic, as emotional cues are subtle, context-dependent, and unevenly distributed across

modalities. Empirical and theoretical studies have demonstrated that conventional mul-

timodal fusion strategies may fail under low-quality multimodal data conditions, in-

cluding modality imbalance [37, 71, 109, 119], noisy signals [121], and corrupted in-

puts [38].

A recent survey by Zhang et al. [139] systematically identifies four primary tech-

nical challenges associated with multimodal fusion under low-quality data settings. As

illustrated in Figure 1.6, these challenges are especially relevant to MERC due to the

conversational nature of emotional expression:

• Noisy multimodal data: In MERC, background noise, overlapping speech, and

visual distractions often introduce noise into acoustic and visual modalities. Effec-

tively leveraging cross-modal correlations to suppress such noise is difficult due to

modality heterogeneity.

• Incomplete multimodal data: Conversational datasets frequently exhibit missing

modalities, e.g., absent facial cues in audio-only segments or missing audio in text
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Figure 1.6: An overview of strategies addressing key challenges in multimodal learning
under low-quality data. The dissertation focuses on two challenges that are particularly
critical for MERC, highlighted in the red box.

transcripts. Robust MERC models must therefore operate under partial modality

observability.

• Imbalanced multimodal data: Certain modalities, such as text, may dominate

emotion prediction, causing models to ignore weaker but complementary acoustic

or visual cues. This imbalance is particularly harmful in MERC, where emotional

signals may shift across modalities over dialogue turns.

• Dynamically varying modality quality: In conversations, modality quality can

fluctuate across utterances due to speaker movement, lighting changes, or record-

ing artifacts, requiring MERC models to dynamically adapt their fusion strategies.

In this dissertation, we focus on two challenges that are most critical for conver-

sational emotion understanding: (1) incomplete multimodal data and (2) balanced
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modality learning. Both issues frequently arise in MERC benchmarks and directly

affect the robustness and generalization of emotion recognition models in real-world

conversational settings.

1.3.2.1 Incomplete Multimodal Learning

In MERC, missing modalities are a common occurrence rather than an exception.

Facial expressions may be unavailable due to occlusion or camera absence, acoustic

signals may be corrupted by background noise, and textual transcripts may omit paralin-

guistic cues. Most conventional multimodal emotion recognition models assume com-

plete modality availability, which limits their applicability to real-world conversational

scenarios [58, 98, 142].
Information Fusion 81 (2022) 203–239

210

discriminative and generative factors reconstructs missing modalities. 
The discriminative factors are common across all the modalities and 
used for discriminative tasks, and generative factors are specific to 
modality and are used to generate modality data. This approach follows 
the reconstruction of missing modalities from the observed modalities 

and also increases the discriminative performance. The multimodal 
factorization model shows better performance when one modality is 
missing at test time than seq-2-seq models; language modality is seen as 
dominant and hard to reconstruct compared to audio and video 
modalities. 

Fig. 6. Modality conditions at train and test time for three modalities - language, visual, and audio (enhanced based on [59]).  

Fig. 7. Categorization based on dominant modalities at training time.  

A. Rahate et al.                                                                                                                                                                                                                                 

Figure 1.7: Modality availability conditions at training and testing time for language,
visual, and audio modalities.

As illustrated in Figure 1.7, missing modality patterns vary significantly between
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training and inference in MERC datasets. This has motivated the development of in-
complete multimodal learning techniques, which aim to leverage available modalities

while mitigating the absence of others [70, 112, 143].

Existing methods broadly fall into two categories. Imputation-based approaches
attempt to reconstruct missing modalities at the feature or latent level using statistical

or learning-based techniques, including autoencoders [53], diffusion models [113], and

adversarial learning [135]. While effective in some cases, such methods rely on strong

assumptions about the underlying data distribution and risk introducing noisy or mis-

leading affective signals, which can be particularly detrimental for emotion recognition

tasks where emotional cues are subtle and context-dependent.

In contrast, imputation-free approaches avoid explicit reconstruction and instead

learn robust representations directly from available modalities. These include latent

alignment [116, 148], graph-based modeling [115, 118], kernel learning [55], and deep

multimodal encoders [117, 143]. Such methods are well-suited to MERC, where emo-

tional cues may be sporadic and unevenly distributed across modalities, but they still face

difficulties in aligning heterogeneous modalities and exploiting conversational structure

under diverse missingness patterns.

Despite notable progress, challenges remain in aligning heterogeneous modalities,

handling modality imbalance, and ensuring robustness across varying missingness pat-

terns in conversational emotion recognition [58, 82].

1.3.2.2 Balanced Modality Learning

In MERC, different modalities contribute unequally to emotion prediction. Text of-

ten conveys explicit semantic information, while acoustic and visual modalities capture

subtler affective cues such as tone, facial expressions, and gestures. Differences in signal

quality and convergence speed cause deep multimodal models to over-rely on dominant

modalities, leading to modality imbalance [71, 109, 119]. Analyses further show that

imbalance can manifest at multiple levels, including feature activations, gradient mag-

nitudes, and logit contributions, making models systematically favor text-dominant so-

lutions even when non-text modalities carry complementary emotional cues [119]. This

issue is particularly pronounced in conversational settings, where the relevance of each

modality can vary across dialogue turns.

Balanced modality learning methods aim to mitigate this bias by encouraging fair
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utilization of all modalities. Existing approaches can be broadly categorized based on

whether they address learning-property discrepancies or quality discrepancies across

modalities.

Property-discrepancy methods focus on differences in learning dynamics. These

include loss reweighting [109], adaptive learning rate scheduling [97], gradient modu-

lation [71, 96], and architectural interventions such as modality dropout [120]. Such

techniques are particularly beneficial in MERC, where acoustic and visual encoders of-

ten converge more slowly than text. However, many of these methods are tightly coupled

to specific model architectures or operate at a single optimization level (e.g., loss or gra-

dient), which may limit their generality across different MERC backbones.

Quality-discrepancy methods address differences in semantic informativeness. Con-

trastive learning [125], confidence-aware regularization [57], and knowledge distilla-

tion [15, 54] encourage the model to extract complementary affective signals from weaker

modalities. Data augmentation strategies that mask or perturb dominant modalities [119,

149] further promote balanced multimodal reasoning. Nevertheless, these methods of-

ten assume the existence of a relatively reliable reference modality and may not fully

account for dynamically varying modality relevance in long, multi-speaker conversa-

tions, as highlighted in recent benchmarks on multimodal imbalance learning [? ].

In summary, balanced modality learning is essential for robust MERC, as conver-

sational emotions are expressed through heterogeneous and dynamically varying multi-

modal cues. Addressing modality imbalance lays the foundation for emotion recognition

models that generalize effectively across speakers, contexts, and real-world conditions.

1.4 Multimodal Emotion Recognition in Conversation

1.4.1 Task Formulation

Early computational approaches to emotion recognition predominantly relied on

unimodal signals, including text, speech, or facial expressions. When applied to conver-

sational data, this setting naturally leads to Emotion Recognition in Conversation (ERC),

where the goal is to predict an emotion label for each utterance within a dialogue based

on its content and surrounding context [79]. Unlike isolated emotion classification, ERC

explicitly accounts for the sequential nature of conversations, where emotional states

evolve across dialogue turns and are influenced by speaker interactions.
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Definition 1.4 (Emotion Recognition in Conversation (ERC)). Given a conversation

C = {u1, . . . , uN} consisting of a sequence of utterances, where each utterance ui is

associated with a speaker pi, the goal of ERC is to predict an emotion label yi for each

utterance by modeling its linguistic content together with contextual information from

the dialogue.

A defining characteristic of ERC is that conversational emotions exhibit struc-

tured dependencies. Emotional states often demonstrate temporal continuity, speaker-

dependent dynamics, and interaction-driven transitions, making them difficult to infer

from isolated utterances alone. These properties fundamentally distinguish conversa-

tional emotion recognition from standard sequence classification tasks and motivate

context-aware and relational modeling strategies.MM ’23, October 29–November 3, 2023, Ottawa, ON, Canada. Bobo Li et al.

Uh, well... Joey and I broke up.(Sadness)

Oh my God, what happened?(Surprise)

Joey’s a great guy, but we're so different! During your
speech he kept laughing at homo erectus (Sadness)

I knew that was him!(Anger)

Anyway I just, uh, I think it's for the best.(Sadness)

Hey, are you ok? (Neutral)

I guess. (Sadness)

There was hum... There was another reason that
 I thought it was time to end it with Joey. (Neutral)

Figure 1: An example of multimodal conversation from the
MELD dataset [47]. Each utterance comes with three modali-
ties of content: video, audio, and text. The goal of MM-ERC
is to recognize the emotion label of each utterance.

multimodal emotion recognition in conversation (named MM-ERC)
aims to detect the emotion label for each utterance in a given
dialogue by jointly considering auditory, visual, and textual content.
The introduction of audio and video compensates for the limitation
of solely depending on text features and thus enriches the features
used for emotion recognition.

A good number of efforts have been devoted to building effective
MM-ERC models and secured promising performance, where the
core idea is to effectively disentangle different modalities and then
properly fuse them so as to maximize the efficacy of multimodal
features for the task [9, 21, 23, 25, 60]. However, MM-ERC intrinsi-
cally involves two simultaneous key ingredients: multiple feature
modality and conversational contextualization. While the majority
of existing models treat MM-ERC as a typical multimodal classifica-
tion problem, focusing predominantly on either multimodality or
context modeling, the relationship between dialogue context and
multimodal feature consistency is often neglected. By revisiting
the task of MM-ERC, we note that a sound and effective MM-ERC
system should place proper attention to simultaneously modeling
the multimodality and contextualization during the feature disen-
tanglement step and fusion step.

Feature Disentanglement. The purpose of feature disentangle-
ment is to extract the critical features from the original feature
spaces and weaken the influence of irrelevant features, since mul-
timodal inputs often contain features unrelated to emotion recog-
nition (e.g., background video and noisy audio). While existing
models, such as MISA [20] and FDMER [57], propose sophisticated
disentanglement mechanisms for single pieces of utterance, disen-
tangling on the conversational contexts has not been considered.
On the one hand, different modality features within one utterance
should exhibit similarities because, intuitively, multimodal signals
under the same utterance can be semantically consistent in rep-
resenting an identical emotion. On the other hand, features from

different utterances with the same modality share similarities in
modality-specific characteristics (e.g., timbre, facial expression, and
strong wording), which may seem trivial for other modalities but
are useful for recognizing emotions in the specific modality space.
Feature disentanglement without effectively considering both the
modality level and utterance level will inevitably limit further per-
formance improvement of MM-ERC. Unfortunately, to the best of
our knowledge, no existing research explores the disentanglement
under these two aspects, indicating a potential research gap.

Feature Fusion. The disentangled features from the above step
further need to be properly fused, during which reasonable weights
are assigned to maximize the utility of features for emotion pre-
diction. Since different clues in varied modalities serve distinct
contributions to the final prediction, fusing features across modal-
ities has been extensively considered in existing MM-ERC stud-
ies [9, 10, 21, 25], with many sophisticated methods, such as ten-
sor fusion [60], graph convolutional networks [25], gating mech-
anisms [21]. However, no controllable weights were utilized in
previous works, which may risk one modality dominating the mul-
timodal fusion process [45] and potentially limiting the overall
performance. Yet we note that the utterance-level fusion should
also receive sufficient attention. Intuitively, it is less necessary to
further introduce moderate history utterance contexts for predic-
tion when the multimodal signals within the current utterance have
indicated a clear emotion tendency in high consistency. Instead,
aggressively feeding all the historical contexts would rather deteri-
orate the inference. For example, in Figure 1, fully considering all
previous dialogue contexts might lead to an incorrect emotion deter-
mination for the last utterance as “Sadness”. This could happen due
to the negative neighbor context (i.e., the emotion of the second-last
utterance being "Sadness") and the negative atmosphere conveyed
throughout the dialogue. Therefore, properly fusing the features
from both multimodal ones and dialogue contexts is non-trivial.

In light of the above observations, in this work, we develop a
niche targeting solution, i.e., DF-ERC (Disentanglement & Fusion
for Emotion Recognition in Conversation), to fill the gaps and
help achieve higher performance in MM-ERC. As shown in Fig-
ure 2, our system comprises four tiers. First, the raw multimodal
inputs of dialogues are encoded into various feature extractors to
obtain corresponding features. Then, the feature disentanglement
layer performs feature disentanglement, where a Dual-level Dis-
entanglement Mechanism (DDM) is proposed. DDM employs
contrastive learning [14] to push the feature vectors of different
modalities or different utterances away, thereby disentangling fea-
tures at the modality level and utterance level, respectively. Next,
the feature fusion layer performs modality-level and context-level
integration, in which we propose a Contribution-aware Fusion
Mechanism (CFM) and a Context Refusion Mechanism (CRM)
for multimodal and context fusion, respectively. CFM fuses multi-
modal features based on the true classification probabilities [11] of
each modality as their contributions, where such dynamic weight-
ing advances in more controllable feature coordination. In contrast,
CRM flexibly schedules the introduction of historical dialogue con-
texts into the current utterance via a novel emotion-prototype
learning strategy. Specifically, CRM calculates the consistency de-
gree of all modality features within an utterance, where a lower

Figure 1.8: An example of multimodal conversation from the MELD dataset [78].

However, real-world conversational emotions are rarely conveyed through a single

modality. Linguistic content conveys semantic intent, vocal prosody reflects affective

tone, and facial expressions and visual behaviors provide complementary non-verbal

cues. As illustrated in Figure 1.2, multimodal affective analysis explicitly integrates

these heterogeneous information sources. Figure 1.8 further provides a concrete example

of such multimodal conversational data, where each utterance is temporally aligned with

textual, acoustic, and visual signals. These observations motivate the transition from

unimodal ERC to Multimodal Emotion Recognition in Conversation (MERC), which

generalizes ERC by jointly modeling multiple aligned modalities.

Definition 1.5 (Multimodal Emotion Recognition in Conversation (MERC)). Given a
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conversation C = {u1, . . . , uN}, where each utterance ui is associated with a speaker

pi and a set of multimodal observations {xm
i }m∈M, the goal of MERC is to predict an

emotion label yi for each utterance by jointly modeling multimodal evidence together

with conversational context and speaker interactions.

Formally, for each modality m ∈ M (e.g., text, audio, and vision), modality-

specific features xm
i are encoded into latent representations

hm
i = fm(xm

i ), (1.31)

which are subsequently integrated through a multimodal fusion function

hi = ffusion

(
{hm

i }m∈M
)
. (1.32)

Based on the fused representation hi, an utterance-level classifier predicts the corre-

sponding emotion label. When the modality set M reduces to a single modality, this

formulation degenerates to the unimodal ERC setting.

A Comprehensive Survey on Multi-modal Conversational Emotion Recognition with Deep Learning 111:9

Table 4. We assume that there are three speakers in a dialogue, and the window size 𝐾 of the dialogue is set
to 6. The dialogue process is as follows:

Speaker Utterences Description

𝐶𝑎 ,𝐶𝑏 ,𝐶𝑐 𝑢𝑎1 , 𝑢
𝑎
3 , 𝑢

𝑏
2 , 𝑢

𝑏
5 , 𝑢

𝑐
4, 𝑢

𝑐
6 Contextual utterances

𝑆𝑏 𝑢𝑏7 Predicted utterance

Audio Feature 

Extractor

Video Feature 

Extractor

Text Feature 

Extractor

But I can safely 

assure you that 

even if …… 

But I can safely 

assure you that 

even if …… 

++

Angry

Disgust

Fear

Neutral

Joy

Sadness

Surprise

Video

Text

Audio

(a) Multimodal Data (b) Feature Extraction
(c) Multimodal  Emotional 

Representations (d) Emotion Classifier (e) Emotional Labels

Fig. 4. The proposed MCER methods mainly include multi-modal feature extraction, multi-modal emotion
representation, and emotion classifier.

Definition 3 (Problem definition) For a given multi-modal utterance sequence𝑈 , the MCER task
requires using the utterance context information to determine a deep neural network 𝐹 (𝑢𝑖 ) so that
the output emotion label 𝑦𝑖 is as close as possible to the real emotion label 𝑦𝑖 , 𝑖 ∈ {1, ..., 𝐿}. Deep
neural networks can solve the optimal parameters by minimizing loss, and its loss is defined as
follows:

min
𝐹

1
𝐿

𝐿∑︁
𝑖=1

L (𝑦𝑖 = 𝐹 (𝑢𝑖 ) , 𝑦𝑖 ) (2)

where 𝐿 represents the number of utterances in the dialogue, L is an indicator function.
From the development history and related preliminary definitions of MCER, it can be seen that

the process of multi-modal conversation emotion recognition mainly includes three aspects: multi-
modal feature extraction, multi-modal feature fusion representation, and emotion classification.
The overall process is shown in Fig. 4, and we will provide a comprehensive overview of these
three aspects below.

3.3 Multi-modal Feature Extraction
Multi-modal feature extraction (e.g., text, video and audio, etc) is one of the important techniques
for emotion analysis. In this section, we introduce the process of using feature extraction methods
to perform data preprocessing on text, video, and audio, and list some commonly used feature
extraction methods. As shown in Table 5, we count the multi-modal feature extraction techniques
used by many deep learning methods.

3.3.1 Text Feature Extraction. With the rapid development of deep learning technology, word em-
bedding technology has also been widely used to extract text features. Word embedding technology
uses a shallow neural network to learn the semantic information of words, and uses Euclidean

J. ACM, Vol. 37, No. 4, Article 111. Publication date: August 2023.

Figure 1.9: Typical steps for Multimodal Emotion Recognition in Conversation [93].

Viewed from this perspective, MERC represents a focused yet challenging instan-

tiation of multimodal affective analysis. It inherits the multimodal nature of affective

computing, the psychological grounding of emotion recognition, and the contextual

complexity of conversational interaction. Under this unified formulation, MERC places

three fundamental requirements on learning models: (i) effective multimodal fusion to

capture complementary emotional cues while preserving modality-specific characteris-

tics, (ii) explicit modeling of conversational context, including temporal dependencies

and speaker interactions, and (iii) robustness to realistic multimodal data conditions,

such as missing or imbalanced modalities. These requirements motivate the advanced
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multimodal fusion and contextual modeling approaches investigated in the subsequent

chapters of this dissertation.

From a modeling perspective, most MERC approaches can be abstracted into a

common processing paradigm. As illustrated in Figure 1.9, the overall process typically

consists of three conceptual stages: (i) unimodal feature extraction, (ii) multimodal rep-

resentation learning and fusion, and (iii) utterance-level emotion classification. This

abstraction does not prescribe a specific architecture, but rather highlights the key com-

ponents that any MERC system must address.

1.4.2 Modeling Paradigms

Having formalized MERC as a task that integrates multimodal evidence with con-

versational context, we now review the major modeling paradigms adopted in existing

MERC systems. From a modeling perspective, MERC can be decomposed into three

tightly coupled components: (i) unimodal representation learning, (ii) multimodal rep-

resentation learning and fusion, and (iii) contextual and conversational modeling. These

components correspond to different stages of the MERC pipeline (Figure 1.9) and jointly

determine a model’s capacity to capture emotionally salient cues, cross-modal interac-

tions, and conversational dynamics. Rather than focusing on implementation details,

this subsection organizes prior work according to how these components are modeled,

following common taxonomies in recent surveys such as Geetha et al. [23].

1.4.2.1 Unimodal Representation Learning

Unimodal representation learning constitutes the foundation of MERC systems,

as all multimodal fusion and contextual reasoning mechanisms operate on modality-

specific representations. For each modality, the objective is to transform raw signals

into latent representations that encode emotionally relevant information while preserving

modality-specific characteristics.

Textual Feature Extraction. With the advancement of deep learning techniques, par-

ticularly neural networks, word embedding technology has become pivotal in text feature

extraction. Word embedding methods, such as NNLM [7], HLBL [11], and Word2Vec

[62], utilize neural networks to capture the semantic relationships between words, repre-

senting them as dense vectors in a lower-dimensional space. Recent advancements have
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seen the adoption of GloVe [72] and large pre-trained models like BERT, which capture

rich contextual information using attention mechanisms.

Visual Feature Extraction. This step is crucial for analyzing facial expressions and

body posture from video, as these elements are key indicators of the speaker’s sentiment.

Public libraries such as OKAO, CERT [52], OpenFace [6], and Facet provide facial

landmarks, facial action units (AUs), head pose, gaze, and other features that serve as

inputs for visual encoders.

Acoustic Feature Extraction. Open-source toolkits such as OpenEAR [18], openS-

MILE [19], LibROSA [61], and COVAREP [13] are widely used to extract acoustic fea-

tures. These toolkits compute prosodic, spectral, and cepstral descriptors (e.g., MFCCs,

pitch, energy) and their statistics, providing rich representations of vocal prosody and

timbre.

Building upon these extracted features, unimodal encoders such as recurrent neu-

ral networks, convolutional neural networks, or transformer-based architectures are em-

ployed to learn higher-level representations. These encoders aim to abstract away noise

and redundancy while emphasizing emotionally salient patterns, forming the basis for

subsequent multimodal fusion and conversational modeling in MERC.

1.4.2.2 Multimodal Representation Learning and Fusion

Multimodal representation learning and fusion lie at the core of MERC, as emo-

tions in conversation are rarely conveyed through a single modality. Linguistic content,

vocal prosody, and visual expressions jointly contribute complementary and sometimes

redundant emotional cues. The objective of multimodal fusion is therefore to integrate

unimodal representations into a unified representation that captures cross-modal inter-

actions while preserving modality-specific information.

Early multimodal approaches adopt simple fusion strategies, such as feature con-

catenation or weighted averaging, which provide a straightforward means of combining

modalities but often fail to capture complex cross-modal dependencies. More expressive

fusion mechanisms have since been proposed. Tensor Fusion Networks (TFN) [130] in-

troduce tensor-based outer-product fusion to model high-order cross-modal interactions,

while Memory Fusion Networks (MFN) [131] incorporate multimodal memory mod-

ules to capture temporal cross-modal dependencies. Subsequent extensions, such as
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MARN [132] and RMFN [50], introduce modality-specific attention and hierarchical

fusion structures to progressively integrate multimodal information.

From a learning perspective, multimodal fusion can be performed at different

stages of the pipeline, giving rise to early, late, and hybrid fusion paradigms as dis-

cussed in Section 1.2. Contemporary MERC models increasingly favor intermediate

or hybrid fusion schemes, where modality-specific encoders and fusion modules are

jointly optimized in an end-to-end manner. While these approaches substantially im-

prove representational expressiveness, they also introduce challenges related to modality

heterogeneity, spurious correlations, and imbalance in modality contributions, which are

particularly pronounced in conversational settings with low-quality multimodal data.

1.4.2.3 Contextual and Conversational Modeling

Beyond utterance-level multimodal fusion, MERC fundamentally differs from iso-

lated emotion recognition due to its conversational nature. Emotional states in dialogue

evolve over time, are influenced by speaker interactions, and often depend on long-

range contextual information. Consequently, effective MERC systems must incorporate

explicit mechanisms for contextual and conversational modeling.

Sequential context modeling represents an early paradigm in this direction. Ap-

proaches such as those proposed by Zhou et al. [146] apply recurrent neural networks

over utterance sequences to capture emotional flow across conversations. DialogueRNN [60]

further advances this paradigm by maintaining global dialogue context while tracking

speaker-specific states. ICON [30] introduces interactive memory networks to model

emotional influence between speakers, while DialogueXL [90] and HiTrans [47] extend

transformer architectures to better capture long-range conversational dependencies.

Speaker-aware modeling is particularly important in multi-party conversations,

where emotional dynamics are strongly speaker-dependent. Methods such as DialogueRNN [60],

COSMIC [25], and DAG-ERC [91] explicitly distinguish between self-speaker history

and interlocutor context, enabling fine-grained modeling of interpersonal emotional in-

fluence.

More recent work adopts graph-based conversational modeling, representing con-

versations as graphs in which utterances and speakers are treated as nodes connected by

edges encoding temporal, structural, or interaction-based relations. DialogueGCN [24]

applies graph convolution to propagate contextual information, while DAG-ERC [91]
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introduces directed acyclic graphs to model causal emotional influence. MMGCN [35]

and MM-DFN [34] further integrate multimodal representations into graph structures,

enabling richer reasoning over multimodal conversational context.

To summarize, these modeling paradigms provide the building blocks for MERC

systems: unimodal encoders for each modality, multimodal fusion mechanisms to inte-

grate cross-modal information, and contextual/conversational models to capture dialogue-

level dependencies. They form a crucial foundation for the advanced graph-based and

robustness-oriented approaches developed in the subsequent chapters of this disserta-

tion, which specifically target the three core challenges identified earlier: structured

multimodal fusion and contextual modeling, robustness under incomplete modalities,

and balanced learning under modality dominance.

1.5 Dataset and Evaluation Metrics

1.5.1 Dataset

Many other datasets are used, depending on the purpose of the proposed model

verification. The detailed information of these datasets are described in the following

sections. Table 1.2 presents the publicly available benchmark datasets for mutlimodal

emotion recognition utilized in this dissertation. The table includes information regard-

ing the release time, modality, and open-source URL for each dataset.

Table 1.2: Multimodal datasets

Name Year Modalities Sent.? Emo.? Samples Speakers Source Language Topics
Covered URL

IEMOCAP [9] 2008 T+A+V × ✓ 10,000 10
Lab
data English General https://sail.usc.

edu/iemocap/

MELD [78] 2019 T+A+V × ✓ 13,708 407
TV-series
Friends English General

http://
affective-meld.
github.io/

CMU-
MOSI [129] 2016 T+A+V ✓ × 2,199 98 YouTube English General

http://multicomp.
cs.cmu.edu/
resources/
cmu-mosi-dataset/

CMU-
MOSEI [133] 2018 T+A+V ✓ ✓ 23 453 1,000 YouTube English

Reviews,
Debate,

Consulting

http://multicomp.
cs.cmu.edu/
resources/
cmu-mosei-dataset/

Additionally, Table 1.3 outlines the distribution of the dataset across different emo-

tional labels, revealing a long-tail distribution.
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Table 1.3: Distribution of conversational emotion recognition datasets on different emo-
tion labels

Labels IEMOCAP MELD CMU-MOSEI

Neutral 1,708 6,436 -
Happiness/Joy 648 2,308 11,982

Surprise/Powerful - 1,636 2,242
Sadness 1,084 1,002 5,816

Anger/Mad 1,103 1,607 4,831
Disgust - 361 3,994

Fear/Scared - 358 1,837
Frustrated 1,849 - -
Excited 1,041 - -
Other - - -

Multimodal Corpus of Sentiment Intensity (CMU-MOSI). CMU-MOSI [129] com-

prises 2199 opinion video clips, with each clip annotated for sentiment on a scale rang-

ing from -3 to 3. This dataset is characterized by comprehensive annotations, including

labels for subjectivity, sentiment intensity, per-frame and per-opinion annotated visual

features, and per-millisecond annotated audio features. Thanks to its fine-grained anno-

tations and heterogeneous recording conditions, CMU-MOSI serves as a representative

benchmark for evaluating robust multimodal fusion under realistic noise and modality

degradation, especially when some modalities are only weakly informative.

Interactive Emotional Dyadic Motion Capture (IEMOCAP). IEMOCAP [9] en-

compasses approximately 12 hours of acted, multimodal, and multispeaker data. This

dataset includes audio-visual components like video, speech, and motion capture of fa-

cial expressions, along with corresponding text transcriptions. The database is structured

around dyadic sessions where actors engage in improvisations or scripted scenarios care-

fully chosen to evoke emotional expressions. The clear speaker turns, rich temporal

structure, and fully synchronized modalities make IEMOCAP a key testbed for struc-
tured multimodal fusion and conversational context modeling under full-modality

conditions, as well as for controlled studies on incomplete and imbalanced modality

settings in later chapters.

Multimodal EmotionLines Dataset (MELD). MELD [78] is an augmented version

of the EmotionLines [32] dataset. While it retains the same dialogue instances present

in EmotionLines, MELD goes beyond by incorporating audio and visual modalities in

addition to text. Derived from the Friends TV series, MELD comprises over 1400 dia-
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logues and 13000 utterances. The dialogues involve multiple speakers, and each utter-

ance within a dialogue is labeled with one of seven emotions: Anger, Disgust, Sadness,

Joy, Neutral, Surprise, and Fear. Compared to IEMOCAP, MELD features more speak-

ers per dialogue and more natural, overlapping interactions, which accentuate challenges

in modeling speaker-dependent context and emotion dynamics for multimodal con-

versational emotion recognition.

Multimodal Opinion Sentiment and Emotion Intensity (CMU-MOSEI). CMU-

MOSEI [133] is notable for being one of the largest collections for multimodal sentiment

analysis and emotion recognition available. It consists of over 23,500 sentence-utterance

videos presented by more than 1000 YouTube speakers. The dataset is designed to be

gender-balanced, with sentence utterances randomly chosen from a variety of topics and

monologue videos. The videos are meticulously transcribed and punctuated for compre-

hensive analysis. Its scale, speaker diversity, and real-world artifacts (e.g., occlusions,

background noise, variable expressiveness) make CMU-MOSEI particularly suitable for

assessing the scalability and generalization of the proposed methods, especially with

respect to robustness to missing modalities and balanced learning under modality
dominance in large-scale settings.

Overall, these datasets are chosen because they collectively cover (i) multi-speaker

conversational settings with rich temporal and speaker interactions (IEMOCAP, MELD)

and (ii) large-scale, noisy multimodal opinion data with heterogeneous modality quality

(CMU-MOSI, CMU-MOSEI). This combination enables a systematic evaluation of the

proposed models along the three main problem axes of this dissertation: structured mul-

timodal fusion and contextual modeling, robustness under incomplete modalities, and

balanced learning under modality dominance.

Limitations. Despite their widespread use, existing datasets also have notable limi-

tations: (1) IEMOCAP, though widely used, is recorded in controlled lab settings with

scripted/improvised dialogues, limiting ecological validity. (2) MELD and CMU-MOSEI

exhibit class imbalance, with neutral or joy dominating, making minority emotions (e.g.,

disgust, fear) harder to recognize. (3) Most datasets assume complete modalities at test

time, which does not reflect real-world conditions (e.g., poor lighting, audio dropout).

These limitations further motivate the robustness-focused contributions of this disserta-

tion, particularly the methods for handling incomplete modalities and modality imbal-
ance.
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1.5.2 Evaluation metrics

In the field of MERC, four commonly used metrics are employed to evaluate model

performance: Accuracy (ACC), Weighted Average Accuracy (WA), F1 Score (F1), and

Weighted Average F1 Score (WF1). ACC and WF1 are the primary metrics for overall

evaluation. However, due to the imbalanced distribution of emotion labels, models often

exhibit varying performance across different categories, performing well on some while

underperforming on others. To assess the impact of data imbalance on model perfor-

mance, researchers also report ACC and F1 scores for each individual emotion category.

These four evaluation metrics are defined as follows:

We assume that N represents the number of emotion labels in the dialogue emo-

tion dataset, and Ej denotes the total number of samples of emotion labels in the j-th

category, j ∈ [1, N ].

1. Accuracy (Acc) signifies the model’s emotion recognition precision, and its for-

mula is defined as follows:

Accj =
∑ϑ2

n=1E
i
j∑ϑ1

m=1 S
m
i

(1.33)

where ϑ1 is the number of labels for a certain category of emotion, ϑ2 is the number

predicted by the model for that category of emotion. Ei
j denotes that the i-th sample

in the j-th category is predicted correctly, with Ei
j ∈ [0, 1]. Sm

j represents the m-th

sample of the j-th emotion. A larger value of Accj implies a better recognition

effect of the model on the j-th type of emotion.

2. F1 value corresponds to the F1-score for each emotion, and its formula is delin-

eated as follows:

F1j =
2×Recall

(
Ej

T P , E
j
F P

)
× Precision

(
Ej

T P , E
j
F N

)
Recall

(
Ej

T P , E
j
F P

)
+ Precision

(
Ej

T P , E
j
F N

) (1.34)

where

Precision
(
Ej

T P , E
j
F N

)
= | Ej

T P |
| Ej

T P ∪ E
j
F N |

Recall
(
Ej

T P , E
j
F P

)
= | Ej

T P |
| Ej

T P ∪ E
j
F P |

(1.35)

Where Ej
T P represents the number of samples that the model correctly predicts
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for the j-th category of emotion, Ej
F P denotes the number of samples that the

model incorrectly predicts for the j-th category of emotion, and Ej
F N signifies

the number of emotions from other categories that the model incorrectly predicts

as the j-th category of emotion. Precision(Ej
T P , E

j
F N) denotes the precision of

the model on the j-th category of emotion, while Recall(Ej
T P , E

j
F P ) signifies the

recall of the model on the j-th emotion. The F1 value combines the effects of both

precision and recall metrics. Typically, a higher F1 value indicates better model

prediction.

3. Weighted accuracy (WA) is the weighted average of the classification accuracy

across all emotion categories. The weight assigned to each sample decreases as

the number of samples for the j-th emotion increases. The formula is defined as

follows:

WA =
∑ϑ1

m=1 Sj ∗ Accj∑N
j=1

∑ϑ1
m=1 Sj

(1.36)

WA represents the classification accuracy of the model across all emotions com-

bined. A higher WA indicates superior performance of the model on average across

all classes.

4. Weighted F1 (WF1) is the weighted F1 value across all emotion categories. The

weight assigned to each sample decreases as the number of samples for the j-th

emotion increases. The formula is defined as follows:

WF1 =
∑ϑ1

m=1 Sj ∗ F1j∑N
j=1

∑ϑ1
m=1 Sj

(1.37)

WF1 represents the F1 value where the model integrates all emotions. It serves as

another effective index for evaluating the model’s effectiveness. Typically, a higher

WF1 indicates better average performance of the model across all classes.
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1.6 Chapter Summary

This chapter established the conceptual and methodological foundations for this

dissertation. We formalized MERC as a task requiring joint modeling of multimodal sig-

nals, conversational context, and robustness under low-quality data. We reviewed classi-

cal and modern fusion paradigms, highlighting the shift from fixed strategies (early/late

fusion) to learnable mechanisms (attention, GNNs). We further identified two critical

gaps: (1) incomplete modalities, where missing cues degrade fusion, and (2) modal-

ity imbalance, where dominant modalities bias learning. Building on this foundation,

Chapter 2 addresses structured multimodal fusion and conversational modeling under

full-modality settings, proposing graph-based architectures (CORECT, MultiDAG+CL)

that explicitly model temporal dependencies and cross-modal interactions. Chapters 3–4

then extend these models to handle incomplete and imbalanced data, respectively, com-

pleting the dissertation’s progressive research agenda.
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Chapter 2

Multimodal Fusion for Emotion
Recognition in Conversation

2.1 Introduction

Multimodal Emotion Recognition in Conversation (MERC) aims to identify the

emotional state of each utterance in a dialogue by jointly reasoning over conversational

context and heterogeneous multimodal signals, including language, acoustic cues, and

visual expressions. Unlike emotion recognition from isolated utterances, MERC is in-

herently contextual and dynamic: emotional meanings emerge from interactions be-

tween speakers, long-range temporal dependencies across dialogue turns, and comple-

mentary yet uneven multimodal cues [79].

This chapter addresses Objective O1 of the dissertation, which focuses on de-

veloping effective multimodal fusion and contextual modeling approaches for MERC

under full-modality settings. Building upon the multimodal learning foundations intro-

duced in Chapter 1, we narrow our scope to conversational scenarios, where multimodal

fusion must explicitly account for dialogue structure, temporal dynamics, and speaker

interactions. In this context, multimodal learning is not merely a problem of feature ag-

gregation, but a structured reasoning process that requires preserving modality-specific

information while modeling cross-modal interactions within evolving conversations.

MERC presents several fundamental challenges. First, conversational emotions

are highly context-dependent, often requiring access to long-range dialogue history and

speaker-specific information for correct interpretation [24, 60]. Second, emotional states

in conversation evolve over time and may change abruptly, making temporal model-
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ing essential [91]. Third, even under full-modality settings, modality contributions are

frequently uneven and label distributions can be skewed, which complicates effective

multimodal fusion and can bias representation learning [31]. These challenges jointly

motivate the need for principled multimodal fusion mechanisms together with explicit

conversational modeling.

Existing MERC approaches can be broadly categorized into recurrent-based, graph-

based, and fusion-centric methods. Recurrent models such as DialogueRNN [60] and

its variants track speaker and dialogue states with gated recurrent units, and thus capture

local contextual dependencies across utterances. However, their reliance on sequen-

tial recurrence makes it difficult to model long-range, multi-speaker interactions and

complex relational structures in extended conversations. Fusion-centric approaches, in-

cluding early/late fusion and attention-based multimodal models originally designed for

non-conversational settings, integrate multimodal features directly but often risk collaps-

ing modality-specific affective cues into a single embedding, limiting their effectiveness

in complex, multi-party conversational scenarios.

Graph-based methods provide a more structured view of dialogue dynamics by ex-

plicitly encoding conversational relations and temporal dependencies. DialogueGCN [24]

and related models construct graphs over utterances and speakers, enabling relational

reasoning across dialogue turns and participants. Nevertheless, many of these meth-

ods either (i) operate on unimodal or loosely fused representations, or (ii) adopt coarse

multimodal fusion strategies that do not explicitly model fine-grained cross-modal inter-

actions. As a result, they only partially exploit complementary cues from heterogeneous

modalities and do not clearly disentangle the roles of conversational structure and mul-

timodal fusion.

From a methodological perspective, the proposed models in this chapter are situ-

ated within the graph-based paradigm for MERC, while explicitly addressing key limi-

tations of existing graph-based and fusion-centric approaches. Traditional graph-based

MERC models primarily focus on encoding conversational structure and temporal de-

pendencies, but often entangle conversational modeling and multimodal fusion in a sin-

gle stage. This design makes it difficult to preserve unimodal representations, to reason

about pairwise modality interactions, or to control how contextual information propa-

gates across the dialogue. In contrast, this chapter advances graph-based MERC along

two complementary axes: (i) by disentangling relational–temporal conversational struc-

ture modeling from modality-aware interaction learning, and (ii) by explicitly investigat-
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This isn't anything like I 
thought anything would be.

This is just this…

Oh, sure this is standing on 
the beach, this is waiting, 

fighting.

Right.

...I can't believe it. I never 
thought you would get 

married.

I know me neither.

Oh my gosh.

Just a couple days ago.

Oh my gosh.

excited

excited

excited

excited

excited

sad

sad

sad

angry

neutral

ID: Ses01M_script02_2 ID: Ses05F_impro03

: Speaker 1 : Speaker 2

Emotion EmotionUtterance text Utterance text

Figure 2.1: Examples of temporal effects in conversation. The emotional meaning of an
utterance may change depending on surrounding context.

ing how conversational dependencies should be learned under varying levels of temporal

and contextual complexity.

Recent studies have attempted to incorporate multimodal information into graph-

based conversational models. MMGCN [35] augments dialogue graphs with multimodal

node representations and modality-aware graph convolution, thereby improving contex-

tual modeling compared with purely textual graph-based models. COGMEN [40] further

integrates gated mechanisms and multimodal attention into graph-based architectures,

achieving strong performance on benchmarks such as IEMOCAP and MELD. These

approaches demonstrate that combining graph-based conversational structure with mul-

timodal signals is effective for MERC. However, they still exhibit two important limita-

tions with respect to the objectives of this chapter. First, they typically fuse modalities

within a single graph propagation process, which couples multimodal fusion with con-

versational message passing and makes it difficult to explicitly capture pairwise modality

interactions across the entire dialogue. Second, they rely on fixed graph structures and

uniform training strategies, which can be insufficient for capturing diverse conversa-

tional dynamics and varying temporal patterns, particularly when emotional transitions

and speaker interactions become complex.

As illustrated in Figure 2.1, the emotional interpretation of an utterance can vary

substantially depending on surrounding context and speaker interactions, highlighting
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the necessity of temporally aware and modality-sensitive MERC models. Addressing

these requirements calls for architectures that (i) represent conversational context in a

structured and interpretable manner, (ii) perform explicit, modality-aware fusion that

preserves unimodal characteristics, and (iii) learn conversational dependencies in a way

that adapts to the difficulty and complexity of dialogue patterns.

To address RQ1, we first propose CORECT, a graph-based framework for mul-

timodal representation learning and context-aware fusion in MERC. CORECT explic-

itly separates conversational structure modeling from multimodal interaction learning.

It introduces a relational–temporal graph convolutional network that encodes speaker-

dependent and long-range conversational dependencies over a structured multimodal

dialogue graph, while maintaining modality-specific utterance representations. On top

of these contextualized representations, CORECT employs a stacked, pairwise cross-

modal interaction module that models fine-grained interactions between text, audio, and

visual modalities across the entire dialogue. This design allows CORECT to preserve

unimodal information, capture complementary cross-modal cues, and provide a robust

representational foundation for multimodal fusion in conversational emotion recogni-

tion.

Building upon this representational foundation, we then address RQ2 by inves-

tigating how conversational dependencies should be learned under varying levels of

temporal and contextual complexity. We introduce MultiDAG+CL, which formulates

MERC as a structured reasoning problem over directed acyclic graphs and integrates

curriculum learning into the training process. Instead of increasing model expressive-

ness solely through more complex graph architectures, MultiDAG+CL focuses on the

learning dynamics: it constructs directed acyclic graphs that encode directed emotional

and contextual influences among utterances, and employs a curriculum scheduler that

progressively organizes training samples from easy to hard conversational patterns. By

aligning graph-based contextual reasoning with a principled, difficulty-aware training

schedule, MultiDAG+CL enables more stable optimization and more effective model-

ing of emotional transitions and speaker dynamics in complex dialogues.

Formally, MERC is solved by learning a model that maps a multimodal conversa-

tion to utterance-level emotion labels.

Input. A labeled multimodal datasetD = {(C(k),y(k))}K
k=1, where each conversa-

tion C(k) = [u(k)
1 , . . . , u

(k)
Nk

] is a sequence of Nk utterances. Each utterance u(k)
i is associ-

ated with a speaker identity p(k)
i , modality-specific representations {(u(k)

i )a, (u(k)
i )v, (u(k)

i )t}
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for audio, visual, and text, and an emotion label y(k)
i . The sequence of emotion labels

for C(k) is y(k) = [y(k)
1 , . . . , y

(k)
Nk

].

Output. A learned multimodal emotion recognition model that predicts utterance-

level emotion labels for new conversations.

In the following sections, we instantiate our multimodal emotion recognition model

with two fusion-centric architectures, CORECT and MultiDAG+CL, which differ in how

they model conversational context and cross-modal interactions.

2.2 Multimodal Fusion with Relation and Temporal Con-
versational Modeling

2.2.1 Overview

This subsection presents CORECT, a graph-based framework for multimodal emo-

tion recognition in conversation [VanNTC 1]. CORECT is designed to address Re-
search Question RQ1 by focusing on multimodal representation learning and context-

aware fusion under conversational settings.

As illustrated in Figure 2.2, CORECT jointly models conversational structure and

multimodal interactions at the utterance level, while keeping these two aspects concep-

tually separated. Local conversational context is captured by modeling relational and

temporal dependencies among utterances and speakers, whereas global multimodal con-

text is captured by explicitly learning cross-modal interactions across the entire dialogue.

Concretely, CORECT consists of two main components. The Relational–Temporal

Graph Convolutional Network (RT-GCN) encodes local contextual information for each

utterance on a multimodal conversational graph, leveraging both inter-speaker relations

and temporal dependencies across dialogue turns. On top of these contextualized repre-

sentations, the Pairwise Cross-modal Feature Interaction (P-CM) module learns global

dialogue-level representations by modeling pairwise interactions between modalities

(text, audio, visual) in a modality-aware manner. This design decouples structural con-

versational modeling from cross-modal interaction learning and provides a principled

basis for multimodal fusion in conversational emotion recognition.
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Figure 2.2: Framework illustration of CORECT

2.2.2 Utterance-level Feature Extraction

This subsection describes the extraction of utterance-level multimodal features that

serve as the input to the CORECT framework. Given a multi-speaker conversation con-

sisting ofN utterances, the goal of this step is to obtain modality-specific representations

for each utterance while preserving information that is essential for subsequent conver-

sational modeling and multimodal fusion.

2.2.2.1 Unimodal Encoder

Given an utterance ui, each data modality provides a distinct view of its affective

content. To preserve modality-specific characteristics, we employ dedicated unimodal

encoders to extract utterance-level features for each modality. Specifically, the acoustic,

visual, and lexical modalities are represented as xa
i ∈ Rda , xv

i ∈ Rdv , and xl
i ∈ Rdl ,

respectively, where da, dv, and dl denote the corresponding feature dimensions.

For the textual modality, we adopt a Transformer-based encoder [105] to capture

contextualized semantic representations. The lexical feature xl
i is obtained from the
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textual input ul
i as follows:

xl
i = Transformer(ul

i; Wl
trans), (2.1)

where Wl
trans denotes the learnable parameters of the Transformer encoder.

For the acoustic and visual modalities, we employ modality-specific fully con-

nected networks to project the raw modality features into latent feature spaces:

xτ
i = FC(uτ

i ; Wτ
fc), τ ∈ {a, v}, (2.2)

where FC(·) denotes a fully connected network, Wτ
fc ∈ Rdτ ×dτ

in are learnable parame-

ters, and dτ
in is the input dimensionality of modality τ .

2.2.2.2 Speaker Embedding

Speaker identity plays an important role in conversational emotion recognition, as

emotional expressions are often conditioned on the speaker. Inspired by MMGCN [35],

we incorporate speaker information by learning speaker embeddings and integrating

them into utterance-level representations.

Let pi denote the speaker associated with utterance ui. We define a learnable em-

bedding function that maps speaker identities to latent representations:

spi = Embedding(pi) ∈ Rds. (2.3)

To inject speaker information into modality-specific utterance features, the speaker

embedding is projected into each modality space and combined with the corresponding

unimodal representation:

xτ
i ← xτ

i + ηWτ
sspi, τ ∈ {a, v, l}, (2.4)

where Wτ
s ∈ Rdτ ×ds are modality-specific projection matrices, and η ∈ [0, 1] controls

the contribution of speaker information.

After this step, we obtain speaker-aware unimodal representations for all utter-

ances, which are subsequently used for relational–temporal graph construction and cross-

modal interaction modeling in CORECT.
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2.2.3 Relational Temporal Graph Convolutional Network (RT-GCN)

RT-GCN is designed to capture local conversational context for each utterance by

explicitly modeling structured interactions among utterances and modalities in a multi-

modal dialogue graph. By incorporating both relational and temporal dependencies, RT-

GCN enables fine-grained contextual reasoning over multimodal conversational data.

2.2.3.1 Multimodal Graph Construction

We construct a multimodal dialogue graph G = (V , E ,R) from each conversation,

where V denotes the set of nodes, E denotes the set of edges, and R denotes the set of

relation types associated with edges. Each utterance is represented by modality-specific

nodes, resulting in |V| = 3N nodes for a conversation with N utterances. Figure 2.3

illustrates an example of the constructed multimodal graph.
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𝑥𝑖+𝐹
𝑙
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Figure 2.3: An example of multimodal graph construction. Audio, visual, and textual
nodes are represented by squares, circles, and triangles, respectively. The temporal win-
dow is set to [P ,F ] = [2, 1] for the query utterance ui. Solid blue arrows indicate
cross-modal connections, while solid and dashed red arrows denote past and future tem-
poral relations.

Nodes. For each utterance ui, we create three modality-specific nodes ua
i , uv

i , and ul
i,

corresponding to the acoustic, visual, and lexical modalities, respectively. Each node is

initialized with the speaker-aware unimodal feature vectors xa
i , xv

i , and xl
i obtained from

the utterance-level feature extraction stage.

Edges. An edge (uτ
i , u

τ
j , rij) ∈ E , where τ ∈ {a, v, l}, represents an interaction be-

tween nodes uτ
i and uτ

j with relation type rij ∈ R. We define two groups of relations:
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multimodal relations Rmulti and temporal relations Rtemp. Together, these relations al-

low the graph to model both intra-utterance multimodal interactions and inter-utterance

temporal dependencies.

Multimodal Relations. Emotions in conversation are rarely conveyed through a

single modality. To capture interactions across modalities within the same utterance,

we define multimodal relations that connect modality-specific nodes of an utterance.

In addition, self-loop relations are included to preserve modality-specific information.

Specifically, we define the following nine multimodal relation types:

Rmulti =


{(ua

i , u
v
i ), (uv

i , u
a
i ), (ua

i , u
a
i )}

{(uv
i , u

l
i), (ul

i, u
v
i ), (uv

i , u
v
i )}

{(ul
i, u

a
i ), (ua

i , u
l
i), (ul

i, u
l
i)}

(2.5)

Temporal Relations. To model the evolution of emotions over time, it is essential to

distinguish interactions occurring in different temporal orders [77]. We define a sliding

temporal window [P ,F ] to control the number of past and future utterances connected

to a given node uτ
i . This window enables the graph to capture local temporal context

while avoiding overly dense connections. Accordingly, we define six temporal relation

types as:

Rtemp =

 {(u
τ
j

past→ uτ
i ) | i− P < j < i}

{(uτ
i

future← uτ
j ) | i < j < i+ F}

(2.6)

where τ ∈ {a, v, l} and i, j ∈ {1, . . . , N}. The operators
past→ and future← denote directed

edges from past and future utterances, respectively.

2.2.3.2 Graph Learning

To leverage the heterogeneous interactions encoded in the multimodal dialogue

graph, we adopt Relational Graph Convolutional Networks (R-GCN) [87]. R-GCN al-

lows relation-specific message passing, enabling the model to learn distinct transforma-

tion patterns for different types of multimodal and temporal relations.

For each relation type r ∈ R, node representations are updated through relation-

specific transformations. The intermediate representation of node uτ
i after R-GCN ag-
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gregation is computed as:

gτ
i =

∑
r∈R

∑
j∈Nr(i)

1
|Nr(i)|

Wrxτ
j + W0xτ

i , (2.7)

where Nr(i) denotes the set of neighbors of node uτ
i under relation r, Wr and W0 are

learnable weight matrices, and xτ
j is the input feature of neighbor node uτ

j .

To further enhance contextual representation learning, we employ a Graph Trans-

former layer [128] on top of the R-GCN outputs. The self-attention mechanism enables

each node to selectively attend to its neighbors and capture both local and global in-

teraction patterns. Given the R-GCN output gτ
i , the Graph Transformer updates the

representation as:

oτ
i =

∥∥∥∥∥
C

c=1

W1gτ
i +

∑
j∈N (i)

ατ
i,jW2gτ

j

 , (2.8)

where ∥ · ∥ denotes concatenation over C attention heads, W1 and W2 are learnable

projection matrices, and N (i) denotes the set of neighboring nodes of uτ
i .

The attention coefficient ατ
i,j is computed as:

ατ
i,j = softmax

(W3gτ
i )⊤(W4gτ

j )√
d

 , (2.9)

where W3 and W4 are learnable parameters and d is the feature dimensionality used for

scaling.

After graph learning, we obtain modality-specific graph-enhanced representations

for the entire conversation:

Gτ = {oτ
1,oτ

2, . . . ,oτ
N}, (2.10)

where Gτ ∈ RN×dh2 represents the sequence of contextualized utterance representations

for modality τ ∈ {a, v, l}.

2.2.4 Pairwise Cross-modal Feature Interaction

Multimodal conversational signals are heterogeneous and often temporally mis-

aligned, which poses challenges for effective fusion. To explicitly model cross-modal

dependencies and dialogue-level interactions, we introduce the Pairwise Cross-modal
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Feature Interaction (P-CM) module, inspired by cross-modal attention mechanisms [103].

P-CM instantiates directional cross-modal attention in a stacked pairwise interaction

block tailored for context-aware fusion in MERC. Figure 2.4 illustrates the overall ar-

chitecture of the P-CM module.

Cross-Modality 

Transformer (𝜷 → 𝜶)

𝒁𝛼
[0] 𝒁𝛽

[0]

𝒁𝛽→𝛼
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LayerNorm LayerNorm

Multi-head 

Cross-modal 

Attention

LayerNorm

Positionwise

Feed-forward

Addition

Addition

𝑄𝛼 𝐾𝛽 𝑉𝛽

𝒁𝛽→𝛼
[𝑖]

𝒁𝛽→𝛼
[𝐷]

x 𝐷
Layers𝐶𝑀𝛽→𝛼(𝑍𝛽→𝛼

[𝑖−1]
, 𝑍𝛽

[0]
)

Figure 2.4: Illustration of the P-CM module.

Cross-modal Attention. Given two modalities, e.g., acoustic modality a and lexical

modality l, let Xa ∈ RN×da and Xl ∈ RN×dl denote their utterance-level representa-

tions after unimodal encoding and contextualization by RT-GCN. P-CM enriches one

modality by attending to another modality through cross-modal attention, enabling it to

incorporate complementary cues while preserving its own representation space.

Following the Transformer attention mechanism [105], we define:

Qa = XaWQa, (2.11)

Kl = XlWKl, (2.12)

Vl = XlWV l, (2.13)
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where WQa ∈ Rda×dk , WKl ∈ Rdl×dk , and WV l ∈ Rdl×dv are learnable parameters.

The cross-modal attention from modality l to modality a is computed as:

CMl→a = softmax
(

Qa(Kl)⊤
√
dk

)
Vl. (2.14)

This operation allows acoustic representations to selectively focus on lexical cues that

are most informative for emotion recognition.

Stacked Pairwise Cross-modal Interaction. To capture higher-order and long-range

cross-modal dependencies, P-CM stacks D layers of pairwise cross-modal interaction

for each modality pair. Let Z[i]
a⇄l ∈ RN×dv denote the bidirectional acoustic–lexical

cross-modal representation at the i-th layer, initialized with Z[0]
a⇄l = Xa. The update at

layer i is defined as:

Z[i]
a⇄l = CMl→a

[i]
(
LN(Z[i−1]

a⇄l ),LN(Xl)
)

+ Z[i−1]
a⇄l , (2.15)

Z[i]
a⇄l = FFN

(
LN(Z[i]

a⇄l)
)

+ Z[i]
a⇄l, (2.16)

where LN(·) denotes layer normalization [2] and FFN(·) is a position-wise feed-forward

network.

The same procedure is applied symmetrically to obtain Z[D]
a⇄v and Z[D]

v⇄l for the re-

maining modality pairs. Finally, the resulting pairwise cross-modal representations are

aggregated to form global, modality-aware dialogue representations used for emotion

classification. By operating at the pairwise level and stacking multiple interaction lay-

ers, P-CM can model fine-grained, complementary relations between modalities without

collapsing their individual characteristics.

2.2.5 Multimodal Emotion Classification

The final emotion prediction is performed by integrating the local conversational

context captured by the RT-GCN module and the global pairwise cross-modal represen-

tations learned by the P-CM module. These two complementary representation are fused

to construct utterance-level multimodal representations for emotion classification.

Let G = {oτ
1, o

τ
2, . . . , o

τ
N}, τ ∈ {a, v, l}, denote the collection of graph-enhanced

utterance representations produced by RT-GCN, and let Z = {Z[D]
a⇄v,Z

[D]
a⇄l,Z

[D]
v⇄l} denote
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the set of pairwise cross-modal representations obtained from the final P-CM layer. The

fusion operation is defined as:

Fusion([G,Z]) =
[
{oτ

1, o
τ
2, . . . , o

τ
N}, {Z

[D]
a⇄v,Z

[D]
a⇄l,Z

[D]
v⇄l}

]
. (2.17)

For each utterance ui, the corresponding multimodal representation hi is con-

structed by concatenating the i-th elements from the fused representations:

hi =
[
oa

i ∥ ov
i ∥ ol

i ∥Z[D]
a⇄v,i ∥Z[D]

a⇄l,i ∥Z[D]
v⇄l,i

]
, (2.18)

where Z[D]
α⇄β,i denotes the pairwise cross-modal representation corresponding to utter-

ance ui.

The fused representation hi is then fed into a feed-forward classification network

to predict the emotion label:

vi = ReLU(Φ0hi + b0), (2.19)

pi = softmax(Φ1vi + b1), (2.20)

ŷi = arg max(pi), (2.21)

where Φ0 and Φ1 are learnable weight matrices, b0 and b1 are bias terms.

Algorithm 1 presents the detailed training and inference procedures of CORECT.

2.2.6 Implementation

Dataset. We investigate two public real-life datasets for the multimodal ERC task in-

cluding IEMOCAP [9] and CMU-MOSEI [133].

Multimodal Raw Feature Extraction. The multimodal feature extraction process in-

volves extracting features from the acoustic, lexical, and visual modalities for each ut-

terance.

For IEMOCAP, the audio features, with a size of 100, are obtained using the

OpenSmile Toolkit [19]; visual features, with a size of 512, are extracted using Open-

Face [6]; textual features, with a size of 768, are derived using sBERT [81].

For MOSEI, the audio features are extracted using librosa [61] with 80 filter banks,
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Algorithm 1 CORECT: Training and Inference Procedure
Require: Pre-extracted unimodal features for all utterances; past window size P; future

window size F ; number of epochs T
Ensure: Predicted emotion labels {ŷi}

1: for epoch t = 1 to T do
2: for each mini-batch B ⊂ D do
3: Construct the multimodal graph G using temporal windows [P ,F ] and rela-

tion types Rmulti, Rtemp
4: Update node representations via RT-GCN
5: Compute pairwise cross-modal interaction via P-CM
6: Fuse representations and predict ŷi = softmax(MLP(hfused

i ))
7: Compute cross-entropy loss and update parameters
8: end for
9: end for

10: for each test conversation C do ▷ Inference
11: Apply RT-GCN and P-CM with fixed [P ,F ] to obtain hfused

i

12: Output predicted labels {ŷi}N
i=1

13: end for

resulting in a feature vector size of 80.The visual features, with a size of 35, are obtained

from [133]. The textual features, with a size of 768, are obtained using sBERT [81].

Evaluation Metrics. We use weighted F1-score (w-F1) and Accuracy (Acc.) as eval-

uation metrics.

Reproducibility. CORECT is implemented using Pytorch 1, and run experiments on

Google Colab Pro. We choose Adam as the optimizer and set the dropout rate to 0.5. The

numbers of multi-head attentions used in Graph Transformer and P-CM are selected as

7 and 2, respectively. For IEMOCAP dataset, the learning rate is 0.0003; Window size

[P ,F ] is tested on various settings in the range of [1,15]. For CMU-MOSEI dataset,

the learning rate is 0.0006; Window size [P ,F ] is picked between [5,4] due to the prop-

erty of short dialogue in CMU-MOSEI. Referring to the training log on the IEMOCAP

(6-way) dataset using Google Colab Pro, each mini-batch (size of 10 dialouges) takes

approximately 0.4s. The similar ratio is observed on the MOSEI dataset.

1https://pytorch.org/
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Table 2.1: The results on IEMOCAP (6-way) multimodal (A+V+T) setting.

Methods IEMOCAP (6-way)
Happy Sad Neutral Angry Excited Frustrated Acc. (%) w-F1 (%)

bc-LSTM 32.63 70.34 51.14 63.44 67.91 61.06 59.58 59.10
CMN 30.38 62.41 52.39 59.83 60.25 60.69 56.56 56.13
ICON 29.91 64.57 57.38 63.04 63.42 60.81 59.09 58.54

DialogueRNN 33.18 78.80 59.21 65.28 71.86 58.91 63.40 62.75
DialogueGCN 47.10 80.88 58.71 66.08 70.97 61.21 65.54 65.04

MMGCN 45.45 77.53 61.99 66.70 72.04 64.12 65.56 65.71
DialogueCRN 51.59 74.54 62.38 67.25 73.96 59.97 65.31 65.34

COGMEN 55.76 80.17 63.21 61.69 74.91 63.90 67.04 67.27
CORECT (Ours) 59.30 80.53 66.94 69.59 72.69 68.50 69.93 (↑ 2.89) 70.02 (↑ 2.75)

Results in bold denote the best performance, underlined values indicate the second-best.
↑ marks improvements over the previous SOTA.

2.2.7 Results

Comparison With Baselines. We further qualitatively analyze CORECT and the base-

lines on the IEMOCAP (4-way), IEMOCAP (6-way) and MOSEI datasets.

IEMOCAP: In the case of IEMOCAP (6-way) dataset (Table 2.1), CORECT per-

forms better than the previous baselines in terms of F1 score for individual labels, ex-

cepts the Sad and the Excited labels. The reason could be the ambiguity between similar

emotions, such as Happy & Excited, as well as Sad & Frustrated(see more details in

Figure 2.5).

Nevertheless, the accuracy and weighted F1 score of CORECT are 2.89% and

2.75% higher than all baseline models on average. Likewise, we observe the similar phe-

nomena on the IEMOCAP (4-way) dataset with a 2.49% improvement over the previous

state-of-the-art models as Table 2.2. These results affirm the efficiency of CORECT for

the multimodal ERC task.

Table 2.2: The results on the IEMOCAP (4-way) dataset in the multimodal setting.

Modality Settings IEMOCAP (4-way)
Acc. (%) w-F1 (%)

bc-LSTM [77] 75.20 75.13
CHFusion [59] 76.59 76.80
COGMEN [40] 82.29 82.15

CORECT (Ours) 84.73 (↑ 2.44) 84.64 (↑ 2.49)

The ↑ indicates the improvement over the previous SOTA model.

CMU-MOSEI: Table 2.3 presents a comparison of the CORECT model on the

CMU-MOSEI dataset with current SOTA models in two settings: Sentiment Classifica-
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Figure 2.5: Visualization the confusion matrices of CORECT under multimodal
(A+V+T) setting. Most of False predictions observed on IEMOCAP (6-way) came from
the ambiguity between pair of labels: Happy and Excited, Neural and Frustrate.

tion (2-class and 7-class) and Emotion Classification.

Apparently, CORECT consistently outperforms other models with sustainable im-

provements. One notable observation is the italicized results for the Fear and Surprise

labels, where all the baselines have the same performance of 87.79 and 86.05 respec-

tively. During the experimental process, when reproducing these baseline’s results, we

found that the binary classifiers were unable to distinguish any samples for the Fear

and Surprise labels. However, with the help of technical components, i.e., RT-GCN

and P-CM, our model shows significant improvement even in the presence of severe la-

bel imbalance in the dataset. We provide additional experiments on the CMU-MOSEI

dataset for all possible combinations of modalities in Table 2.4.
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Table 2.3: Results on CMU-MOSEI dataset compared with previous works.

Methods
Sentiment Classification

Accuracy (%)
Emotion Classification (Binary, 1 vs. all)

weighted F1-score (%)
2 Class 7 Class Happiness Sadness Angry Fear Disgust Surprise

Multilouge-Net [92] 82.88 44.83 67.84 65.34 67.03 87.79 74.91 86.05
TBJE [14] 82.40 43.91 65.91 70.78 70.86 87.79 82.57 86.04

COGMEN [40] 82.95 45.22 70.88 70.91 74.20 87.79 81.83 86.05
CORECT (Ours) 83.66 46.31 71.35 72.86 76.77 87.90 84.26 86.48

Bold results indicate the best performance, underlined results denote the second-best.

Table 2.4: Ablation study on CMU-MOSEI dataset.

Datasets Modality
Settings

Sentiment Class
Accuracy (%)

Emotion Class
weighted F1-score (%)

2 Class 7 Class Happiness Sadness Angry Fear Disgust Surprise
Multilogue-Net

[92] A+T+V 82.88 44.83 67.84 65.34 67.03 87.79 74.91 86.05

TBJE
[14] A+T 82.4 43.91 65.91 70.78 70.86 87.79 82.57 86.04

COGMEN
[40] A+T+V 82.95 45.22 70.88 70.91 74.20 87.79 81.83 86.05

CORECT (Ours)
T 84.13 45.80 67.82 72.12 75.55 87.79 84.63 86.05

A+T 84.28 44.89 67.49 71.53 75.39 87.79 84.69 86.05
A+T+V 83.66 46.31 71.35 72.86 76.77 87.90 84.26 86.48

Bold results indicate the best performance, underlined results denote the second-best.

Effect of Main Components. The impact of main components in our CORECT model

is presented via Table 2.5. The model performance on the 6-way IEMOCAP dataset

is remarkably degraded when the RT-GCN or P-CM module is not adopted with the

decrease by 3.47% and 3.38% respectively. Similar phenomena is observed on the 4-

way IEMOCAP dataset. Therefore, we can deduce that the effect of RT-GCN in the

CORECT model is more significant than that of P-CM.

Table 2.5: The performance of CORECT in different strategies under the fully multi-
modal (A+V+T) setting.

Sub-
Modules

IEMOCAP
(6-way)

IEMOCAP
(4-way)

Acc. (%) w-F1 (%) Acc. (%) w-F1 (%)
-w/o RT-GCN 66.61 66.55 (↓ 3.47) 80.69 80.54 (↓ 4.10)

-w/o P-CM 66.54 66.64 (↓ 3.38) 82.18 82.16 (↓ 2.48)
-w/oRmulti 66.54 66.82 (↓ 3.20) 82.61 82.53 (↓ 2.11)
-w/oRtemp 67.04 67.34 (↓ 2.68) 82.08 82.07 (↓ 2.57)
CORECT 69.93 70.02 84.73 84.64

Bold results represent the best performance, underlined results denote the second-best,
↓ indicates the performance drop when ablating a module relative to CORECT model.
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For different relation types, ablating either Rmulti or Rtemp results in a significant

decrease in the performance. However, the number of labels may affect on the multi-

modal graph construction, thus it is no easy to distinguish the importance ofRmulti and

Rtemp for the multimodal ERC task.

Dataset A T V A+T T+V V+A A+V+T
Acc W-F1 Acc W-F1 Acc W-F1 Acc W-F1 Acc F1 Acc W-F1 Acc F1

IEMOCAP
(6-way)

w/o RT-GCN 35.12 30.01 64.7 64.34 30.99 26.88 67.10 66.92 65.37 65.50 52.13 51.80 66.61 66.55
w/o P-CM - - - - - - 65.87 65.89 65.00 65.07 53.54 52.86 66.54 66.64
w/oRmulti - - - - - - 66.30 66.27 64.76 64.78 53.67 53.48 66.54 66.82
w/oRtemp 41.53 39.49 63.65 63.72 27.66 27.37 67.34 67.33 65.43 65.29 50.65 49.67 67.04 67.34
CORECT 52.31 51.49 67.22 67.26 38.63 37.67 68.27 68.36 65.50 65.61 54.16 53.82 69.93 70.02

IEMOCAP
(4-way)

w/o RT-GCN 55.25 52.18 80.38 80.25 34.04 31.33 81.87 81.18 80.17 80.04 58.96 58.57 80.69 80.54
w/o P-CM - - - - - - 80.91 80.94 80.38 80.04 69.25 69.00 82.18 82.16
w/oRmulti - - - - - - 81.76 81.78 80.38 80.47 69.14 68.84 82.61 82.53
w/oRtemp 56.84 54.88 80.70 80.70 41.04 39.75 82.08 81.99 81.34 81.36 57.16 56.62 82.08 82.07
CORECT 67.02 65.48 82.82 82.85 49.73 47.97 83.14 83.13 81.76 81.75 69.03 68.21 84.73 84.64

Table 2.6: Ablation study on IEMOCAP dataset.

Table 2.6 presents the ablation results for uni- and bi-modal combinations. In the

unimodal settings, specifically for each individual modality (A, V, T), it’s important

to highlight that both P-CM module and multimodal relations Rmulti are non-existent.

However, in bimodal combinations, the advantage of leveraging cross-modality infor-

mation between audio and text (A+T) stands out, with a significant performance boost

of over 2.75% compared to text and visual (T+V) modalities and a substantial 14.54%

compared to visual and audio (V+A) modalities.

Additionally, our experiments have shown a slight drop in overall model perfor-

mance (e.g., 68.32% in IEMOCAP 6-way, drop of 1.70%) when excluding Speaker

Embedding Semb from CORECT.

Effect of the Past and Future Utterance Nodes. We conduct an analysis to investi-

gate the influence of past nodes (P) and future nodes (F) on the model’s performance.

Unlike previous studies [40, 46] that treated P and F pairs equally, we explore various

combinations of P and F settings to determine their effects. Figure 2.6 indicates that

the number of past or future nodes can have different impacts on the performance. From

the empirical analysis, the setting [P ,F ] of [11, 9] results in the best performance. This

finding shows that the contextual information from the past has a stronger influence on

the multimodal ERC task compared to the future context.

Effect of Modality. Table 2.7 presents the performance of the CORECT model in

different modality combinations on both the IEMOCAP and CMU-MOSEI datasets.
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Figure 2.6: The effects of P and F nodes in the past and future of CORECT model on
the IEMOCAP (6-way) The red-dash line implies our best setting for P and F .

Modality
Settings

IEMOCAP
(6-way)

IEMOCAP
(4-way)

Acc. (%) w-F1 (%) Acc. (%) w-F1 (%)
A 52.31 51.49 67.02 65.48
T 67.22 67.26 82.82 82.65
V 38.63 37.67 49.73 47.97

A+T 68.27 68.36 83.14 83.13
T+V 65.50 65.61 81.76 81.75
V+A 54.16 53.82 69.03 68.21

CORECT (A+T+V) 69.93 70.02 84.73 84.64

Table 2.7: The performance of CORECT under various modality settings.

For IEMOCAP (Table 2.1 and Table 2.2), the textual modality performs the best

among the uni-modal settings, while the visual modality yields the lowest results. This

can be attributed to the presence of noise caused by factors, e.g., camera position,

environmental conditions. In the bi-modal settings, combining the textual and acous-

tic modalities achieves the best performance, while combining the visual and acoustic

modalities produces the worst result. A similar trend is observed in the CMU-MOSEI

dataset (Table 2.3), where fusing all modalities together leads to a better result compared

to using individual or paired modalities.

2.2.8 Discussion

While CORECT demonstrates strong performance for multimodal emotion recog-

nition in conversation, several limitations remain that motivate further investigation.

First, its performance is sensitive to several hyper-parameters, such as the number of

attention heads in the P-CM module and the sizes of the past and future temporal win-
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dows in RT-GCN. Given the limited computational budget, exhaustive hyper-parameter

search is impractical, which may lead to suboptimal configurations.

More importantly, although CORECT models relational and temporal dependen-

cies through a bidirectional graph structure, it still treats conversational context in a

relatively symmetric manner. In real-world dialogues, emotional dynamics are often

asymmetric over time, where past utterances usually exert a stronger and more struc-

tured influence on the current emotional state than future utterances. Such directional

dependencies are difficult to capture with fixed temporal windows and densely connected

graph structures.

These limitations suggest that, beyond improving fusion and representation learn-

ing, effective multimodal emotion recognition in conversation also requires directional

modeling of emotional transitions and learning strategies that can adapt to varying sam-

ple difficulty. Motivated by these challenges, we next investigate a complementary

framework that formulates conversational context as a directed acyclic graph and explic-

itly models emotion propagation over time. This leads to the proposed MultiDAG+CL
[VanNTC 2] framework, which emphasizes temporal directionality and curriculum-

based learning to better capture the evolving nature of emotions in conversational set-

tings.

2.3 Multimodal Fusion with Directed Acyclic Graph Mod-
eling and Curriculum Learning

2.3.1 Overview

Early recurrent-based methods, such as DialogueRNN [60] and DialogueCRN [33],

capture speaker states and short-term dependencies but rely on sequential propagation,

which limits their ability to reason over complex temporal interactions. More recent

graph-based approaches, including DialogueGCN [24] and DAG-ERC [91], introduce

relational structures to model conversational dependencies. However, these methods

primarily focus on graph expressiveness and often treat all training samples uniformly,

making learning dynamics sensitive to noisy or complex dialogue patterns.

While CORECT [VanNTC 1] already incorporates relational and temporal graph

modeling to encode long-range conversational context, its primary focus lies in mul-
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timodal representation learning and context-aware fusion. In contrast, MultiDAG+CL

is designed to further investigate how temporal and speaker-dependent conversational

dependencies should be learned under varying levels of dialogue complexity. Rather

than introducing additional fusion mechanisms, MultiDAG+CL emphasizes structured

temporal reasoning and learning dynamics, thereby directly targeting RQ2.

MultiDAG+CL consists of two core components: MultiDAG and Curriculum Learn-

ing (CL). The MultiDAG component models conversational context as a directed acyclic

graph, where utterances are organized according to their temporal order and speaker in-

teractions. By enforcing directionality and acyclicity, MultiDAG enables explicit mod-

eling of asymmetric emotion propagation across dialogue turns, allowing past utterances

to exert structured influence on subsequent emotional states. This formulation extends

prior DAG-based ERC models (e.g., DAG-ERC [91]) by providing a more explicit and

flexible representation of temporal dependencies in multimodal conversations.

Building upon the MultiDAG structure, the CL component introduces a curriculum-

based training strategy that addresses the instability commonly observed in training

graph-based conversational models. Rather than treating all utterances and dialogues

equally, CL progressively organizes training samples from emotionally stable and con-

textually simple cases to more challenging ones involving rapid emotion shifts or long-

range dependencies. This design allows MultiDAG+CL to focus not only on what con-

versational structure to model, but also on how such structure should be learned, leading

to improved stability and generalization in realistic MERC settings.

2.3.2 MERC with Directed Acyclic Graph

Modality Encoder. We first employ modality-specific encoders to obtain utterance-

level multimodal representations as the input to the MultiDAG framework. For the tex-

tual modality, a bidirectional LSTM captures sequential contextual information, while

fully connected networks are adopted for the acoustic and visual modalities. Formally,

given an utterance ui, the modality-specific encodings are computed as:

ha
i = EncA(ua

i ), hv
i = EncV (uv

i ), hl
i = EncL(ul

i), (2.22)

where EncA, EncV , and EncL denote the encoders for acoustic, visual, and textual

modalities, respectively. These encoders produce context-aware unimodal representa-

tions ha
i , hv

i , and hl
i.
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The multimodal representation of utterance ui, denoted as ui(mm), is obtained by

concatenating the available modality features:

H0
i(mm) = ha

i ⊕ hv
i ⊕ hl

i. (2.23)

MultiDAG Construction. In conversational emotion recognition, the emotional state

of an utterance is primarily influenced by preceding utterances. We therefore model each

conversation using a directed acyclic graph (DAG), where information flows strictly

from past utterances to future ones. This structure allows each utterance to aggregate

information not only from immediate neighbors but also from more distant historical

context while avoiding cyclic dependencies.

Based on the multimodal input representations, we construct the MultiDAG using a

Directed Acyclic Graph Gated Neural Network (DAG-GNN) [126], following a similar

formulation to DAG-ERC [91], but extending it to multimodal node representations and

richer speaker-aware relations. The overall architecture of MultiDAG is illustrated in

Figure 2.7.
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Figure 2.7: Overall structure of the MultiDAG component.

At each layer l, utterance representations are updated sequentially from the first ut-

terance to the last one. For a target utterance ui(mm), attention weights over its preceding

nodes are computed as:

al
ij(mm) = softmaxj∈Ni(mm)

(
Wl

α[Hl−1
j(mm) ∥Hl−1

i(mm)]
)
, (2.24)

where Ni(mm) denotes the set of preceding utterances of ui(mm), Wl
α is a learnable
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weight matrix, and ∥ denotes vector concatenation. This step assigns different impor-

tance to historical utterances depending on their relevance to the current target.

The attention weights are used to aggregate information from neighboring nodes

while considering speaker-related edge types:

Ml
i(mm) =

∑
j∈Ni(mm)

al
ij(mm)Wl

rij
Hl−1

j(mm), (2.25)

where Wl
rij

is a relation-specific transformation matrix associated with the edge type rij ,

which distinguishes speaker relations between utterances. This design allows MultiDAG

to encode both temporal proximity and speaker-dependent influence.

The aggregated message Ml
i(mm) is then integrated with the previous hidden state

Hl−1
i(mm) through a GRU-based node information unit:

H̃l
i(mm) = GRUl

H(Hl−1
i(mm),M

l
i(mm)). (2.26)

To further model the flow of contextual information across layers, a second GRU

is used as a context information unit, in which the roles of the input and hidden state are

exchanged:

Cl
i(mm) = GRUl

M(Ml
i(mm),Hl−1

i(mm)). (2.27)

Together, these two GRU units jointly update node states by combining node-

specific history and aggregated contextual messages.

The final representation of utterance ui(mm) is obtained by concatenating represen-

tations from all layers:

Hi(mm) =
∥∥∥L

l=0

(
H̃l

i(mm) + Cl
i(mm)

)
, (2.28)

which is subsequently fed into a feed-forward network for emotion classification. The

model is trained using the standard cross-entropy loss.

2.3.3 Curriculum Learning

To further enhance the learning of temporal emotion dynamics, we integrate cur-

riculum learning into the MultiDAG framework. Specifically, we design a Difficulty

Measure Function (DMF) to quantify the difficulty of each conversation and a training
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Algorithm 2 Curriculum Learning with Difficulty Measure Function (DMF)
1: Input: training set D = {c1, c2, . . . , cm} with emotion labels, model M , number of

curriculum stages k, training epochs T
2: Initialize: S ← ∅
3: for each conversation c ∈ D do
4: Group utterances in c by speaker identity
5: Compute number of emotion shifts Nshift(c)
6: Compute number of speakers Nsp(c) and utterances Nu(c)
7: Compute difficulty score DIF(c) using Eq. (16)
8: end for
9: Sort conversations by difficulty: D′ ← sort(D, DIF )

10: Split D′ into k ordered buckets: D1, . . . ,Dk

11: Initialize training set: Dtrain ← ∅
12: for t = 1 to T do
13: if t ≤ k then
14: Dtrain ← Dtrain ∪ Dt

15: end if
16: Train model M on Dtrain

17: end for
18: Return: trained model M∗

scheduler that organizes the training process according to a predefined learning curricu-

lum. This allows the model to progressively learn from simple to complex conversational

patterns, thereby improving training stability and generalization.

Difficulty Measure Function (DMF). The key challenge in curriculum learning is

defining what constitutes an easier or more difficult training sample. In MERC, con-

versations with frequent emotional transitions and multiple speakers are generally more

challenging to model. Inspired by prior work [124], we define a conversation-level dif-

ficulty measure based on the frequency of emotional shifts.

An emotional shift occurs when two consecutive utterances by the same speaker

express different emotions. Formally, for two utterances ui and uk in a conversation

c, an emotional shift is detected if e(ui) ̸= e(uk), p(ui) = p(uk), and there exists no

utterance uj such that i < j < k and p(uj) = p(ui), where e(u) denotes the emotion

label of utterance u.

The difficulty of conversation ci is then defined as:

DIF(ci) = Nshift(ci) +Nsp(ci)
Nu(ci) +Nsp(ci)

, (2.29)
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where Nshift(ci) denotes the number of emotional shifts, Nu(ci) is the total number of

utterances, and Nsp(ci) is the number of speakers in conversation ci. The speaker term

serves as a smoothing factor to avoid bias toward short conversations.

Training Scheduler. Based on the computed difficulty scores, the training scheduler

organizes the dataset into k ordered subsets {D1, . . . ,Dk}, where conversations with

similar difficulty levels are grouped together. Training begins with the easiest subset

D1 and progressively incorporates more difficult subsets as training proceeds. Once all

subsets have been introduced, additional epochs are performed on the full training set.

This progressive scheduling strategy enables the model to first learn stable conversa-

tional patterns and then adapt to more complex emotional dynamics, which empirically

leads to more stable optimization and better generalization in MERC.

2.3.4 Implementation

Dataset. We evaluate our approach on the following two ERC datasets: IEMOCAP

[9] and MELD [78].

Implementation Details. MultiDAG+CL is implemented using Pytorch 2, and run

experiments on Google Colab Pro. We perform hyperparameter tuning for our proposed

model on each dataset using hold-out validation with separate validation sets. For the

IEMOCAP dataset, the hyperparameter configuration includes a learning rate of 0.0005,

a dropout rate of 0.4, 30 epochs of training, and 4 layers of MultiDAG+CL. For the

MELD dataset, the hyperparameter configuration for the MultiDAG+CL model is as

follows: a learning rate of 0.00001, a dropout rate of 0.1, 60 epochs of training, and 2

layers of Multi-DAG.

2.3.5 Results

Comparision with Baselines. We conducted a comprehensive comparison of our pro-

posed approach with SOTA multimodal ERC methods, and the results are summarized

in Table 2.8. Due to space constraints, we only report Acc. and w-F1 for the MELD

dataset. Our approach, MultiDAG+CL, which combines the MultiDAG model with a

curriculum learning strategy, achieves SOTA performance on both the IEMOCAP and
2https://pytorch.org/
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MELD datasets. MultiDAG+CL outperforms previous SOTAs by 1.05% (DAG-ERC on

IEMOCAP) and 0.34% (DAG-ERC on MELD), respectively. Specifically, our models

achieve improvements in individual emotion recognition tasks in most cases, especially

for the Sad, Neutral and Angry emotions. In the meantime, we find Happy, Sad, and

Angry emotions can be confused with the Neutral emotion in some cases (as shown in

Fig. 2.8). Such phenomenon is related to imbalanced class distribution.

Table 2.8: Performance of approaches on IEMOCAP and MELD datasets.

Model IEMOCAP MELD
Happy Sad Neutral Angry Excited Frustrated Acc. (%) w-F1 (%) Acc. (%) w-F1 (%)

bc-LSTM 33.82 78.76 56.75 64.35 60.25 60.75 60.51 60.42 59.62 57.29
MFN 48.19 73.41 56.28 63.04 64.11 61.82 61.24 61.60 60.80 57.80
ICON 32.80 74.40 60.60 68.20 68.40 66.20 64.00 63.50 58.20 56.30

DialogueRNN 32.20 80.26 57.89 62.82 73.87 59.76 63.52 62.89 60.31 57.66
DialogueGCN 51.57 80.48 57.69 53.95 72.81 57.33 63.22 62.89 58.62 56.36

DAG-ERC 47.59 79.83 69.36 66.67 66.79 68.66 67.53 68.03 61.04 63.66
MMGCN 45.14 77.16 64.36 68.82 74.71 61.40 66.36 66.26 60.42 58.31

CTNet 51.3 79.9 65.8 67.2 78.7 58.8 68.0 67.5 62.0 60.5
DAG-ERC+HCL - - - - - - 68.73 - 63.89

COGMEN - - - - - - 68.2 67.6 - -
CORECT 59.30 80.53 66.94 69.59 72.69 68.50 69.93 70.02 - -

MultiDAG (Ours) 49.65 79.83 66.40 67.59 71.78 67.90 68.30 68.45 64.29 63.87
MultiDAG+CL (Ours) 45.26 81.40 69.53 70.33 71.61 66.94 69.11 69.08 64.41 64.00

Bold denotes the best performance, underlining marks the second-best.
“-” indicates missing values from the original papers.

As shown in Table 2.8 the gains are relatively modest compared to the perfor-

mance gap between MultiDAG-based models and CORECT, suggesting that learning-

dynamic refinement alone is insufficient to close the gap without stronger multimodal

fusion mechanisms. These results further confirm that CORECT provides a more effec-

tive representational foundation, while MultiDAG+CL plays a complementary role by

improving the learning behavior of temporal structures.

Effect of Modality. Table 2.9 compares the performance of MultiDAG and Multi-

DAG+CL under various multimodal settings on both benchmark datasets. In IEMO-

CAP, the textual modality performs best among the unimodal settings, while the visual

modality shows the lowest results due to noise from factors like camera position and

environmental conditions. In bimodal settings, the combination of textual and acoustic

modalities performs the best, while the combination of visual and acoustic modalities

yields the lowest result. Similar observations are made in the MELD dataset.

Effect of Curriculum Learning. The MultiDAG+CL model demonstrates notable

performance improvement by incorporating curriculum learning for both the IEMOCAP
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Table 2.9: Results of MultiDAG and MultiDAG+CL under different modality settings.

Modality MultiDAG MultiDAG+CL
IEMOCAP MELD IEMOCAP MELD

T 68.17 63.66 67.12 63.47
A 49.37 40.27 50.58 40.17
V 33.79 31.27 36.69 31.27

T + A 68.42 63.61 68.45 63.56
T + V 67.56 63.69 67.40 63.62
A + V 52.40 40.54 51.86 39.99

T + V + A 68.45 63.87 69.08 64.00

and MELD datasets. The effectiveness of curriculum learning relies on factors like

the difficulty measure design and training strategy, including the number of buckets

in the training set. We perform experiments to select the optimal number of buckets

in the CL training scheduler. The results shown in the Table 2.10, indicate that for the

IEMOCAP dataset, the optimal number of buckets is 5, while for the MELD dataset, it is

12. These findings suggest that the CL strategy is effective in improving the performance

of the MultiDAG model on both datasets, with the specific number of buckets tailored

to each dataset’s representations. In summary, our proposed MultiDAG+CL model with

curriculum learning, significantly contribute to the achieved results.

Table 2.10: Results of MultiDAG+CL for different number of buckets in CL training
scheduler.

IEMOCAP MELD
Number of buckets w-F1 Number of buckets w-F1

4 68.05 5 63.94
5 69.08 8 63.83
7 68.84 10 63.89

10 68.38 12 64.00
15 68.36 14 63.96

Performance for Emotion-shift. From the confusion matrices of the MultiDAG and

MultiDAG+CL models (Figure 2.8), it can be observed that the prediction accuracy for

the “Happy”, “Neutral”, “Sad”, and “Angry” labels is improved when CL is incorpo-

rated into the model. Particularly, the misclassification rate of the “Neutral” label as

“Disgust” decreases significantly from 19.3% in the MultiDAG model to only 12.3% in

MultiDAG+CL. However, the prediction accuracy for the “Disgust” and “Happy” labels

decreases.
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Figure 2.8: The confusion matrices on the IEMOCAP.

2.3.6 Discussion

MultiDAG+CL represents a complementary modeling direction for MERC that

extends beyond representation-centric fusion design. While CORECT already incorpo-

rates relational–temporal graph modeling to encode long-range conversational context

and multimodal interactions, MultiDAG+CL shifts the focus toward how temporal de-

pendencies should be learned effectively under varying levels of conversational com-

plexity.

Specifically, MultiDAG+CL emphasizes two orthogonal yet critical aspects of con-

versational emotion recognition: directed acyclic conversational structure and curriculum-
based optimization. The directed acyclic graph formulation enforces a unidirectional

information flow from past to future utterances, enabling structured modeling of hierar-

chical and asymmetric emotional dependencies across dialogue turns. In parallel, cur-

riculum learning explicitly addresses optimization dynamics by progressively organiz-

ing training samples from emotionally stable conversations to those exhibiting frequent

emotional shifts. This learning strategy allows MultiDAG+CL to alleviate optimization

instability and class imbalance that commonly arise in complex conversational settings,

thereby complementing CORECT from an optimization-centric perspective rather than

a purely representational one.

As shown in Table 2.11, transformer-based multimodal baselines such as COG-

MEN [40] benefit from highly optimized dense computation but incur substantially

higher GPU memory consumption due to activation storage and attention operations.

In contrast, graph-based approaches, including CORECT and MultiDAG+CL, operate
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Table 2.11: Model complexity and efficiency comparison on the IEMOCAP dataset.

Metric COGMEN CORECT MultiDAG+CL

Parameters 55.93M 17.72M 19.71M
Train time per epoch (s) 8.40 6.93 10.20
Inference time (s) 0.62 0.205 0.41
GPU memory 957.48MB 952.43MB 1350.2MB

on sparse relational structures, resulting in significantly lower memory footprints while

maintaining competitive training and inference efficiency. Notably, MultiDAG+CL in-

troduces only a moderate increase in computational cost over CORECT, reflecting the

additional overhead of directed acyclic reasoning, while remaining substantially more

memory-efficient than the closest transformer-based baseline.

Nevertheless, MultiDAG+CL also has limitations. First, the construction of di-

rected acyclic graphs relies on predefined temporal ordering and speaker interaction

assumptions, which may restrict flexibility in highly spontaneous or overlapping con-

versational scenarios. Second, the effectiveness of curriculum learning depends on the

quality of the difficulty estimation, and suboptimal curricula may reduce training effi-

ciency or slow convergence. Third, the current curriculum is defined at the conversation

level and does not explicitly adapt to modality-specific noise or label uncertainty, leaving

room for more fine-grained or data-driven pacing strategies. These limitations suggest

that MultiDAG+CL is most effective when employed as a structured optimization strat-

egy on top of well-defined conversational graphs, rather than as a fully adaptive temporal

modeling solution.
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2.4 Chapter Summary

In this chapter, we addressed the first major research focus of this dissertation:

Multimodal Emotion Recognition in Conversation. Specifically, we investigated how

multimodal representations and conversational context can be jointly modeled to capture

the dynamic and structured nature of emotions in dialogue.

In Section 2.2, we introduced CORECT, a relational-temporal graph-based frame-

work that explicitly models both temporal dependencies and cross-modal interactions.

Through its Relational Temporal Graph Convolution Network (RT-GCN) and Pairwise

Cross-modal Feature Interaction (P-CM) modules, CORECT enables fine-grained context-

aware multimodal fusion while preserving modality-specific characteristics. This design

effectively addresses the challenge of integrating heterogeneous multimodal cues within

conversational context.

In Section 2.3, we presented MultiDAG+CL, which approaches MERC from a

complementary perspective. By integrating Directed Acyclic Graph (DAG) modeling

with Curriculum Learning, MultiDAG+CL explicitly captures directional temporal de-

pendencies and progressively guides the learning process from simpler to more complex

conversational patterns. This framework is particularly effective in handling emotional

shifts and alleviating data imbalance during training.

Extensive experiments conducted on benchmark datasets such as IEMOCAP, CMU-

MOSI, CMU-MOSEI and MELD demonstrate that both CORECT and MultiDAG+CL

consistently outperform strong baselines, validating their effectiveness in modeling mul-

timodal conversational emotions under complex dynamics.

Together, CORECT and MultiDAG+CL contribute to Objective O1 by advancing

multimodal fusion and contextual modeling for MERC, while also partially support-

ing Objective O2 through improved robustness to challenging learning conditions, such

as emotional variability and imbalance. CORECT focuses on representation learning

with relational fusion, whereas MultiDAG+CL emphasizes structured temporal mod-

eling and curriculum-driven learning dynamics. Despite their distinct methodological

designs, both frameworks aim to enhance multimodal emotion recognition in complex

conversational settings. This complementarity naturally points to a promising future

direction: integrating structure-aware graph modeling with curriculum-based training,

for example by progressively exposing conversational subgraphs according to temporal

depth or emotional complexity to enable more adaptive and fine-grained learning.
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Chapter 3

Multimodal Emotion Recognition in
Conversation under Incomplete
Modality Condition

3.1 Introduction

This chapter focuses on multimodal emotion recognition under incomplete modal-

ity conditions, a critical challenge in real-world conversational affective analysis. The

core methodological contribution presented in this chapter is based on our previously

proposed framework, Mi-CGA, which was originally introduced as “Mi-CGA: Cross-

modal Graph Attention Network for Robust Emotion Recognition in the Presence of

Incomplete Modalities” - Neurocomputing (SCIE Q1 Journal) in 2025 [VanNTC 3].

This chapter directly addresses Research Question RQ3, which investigates how ro-

bust multimodal representations can be learned under incomplete-modality conditions.

Unlike the full-modality assumption adopted in the previous chapter, incomplete-

modality settings reflect practical scenarios in which multimodal signals are only par-

tially available during training or inference. Such conditions frequently arise in conver-

sational data due to sensor failures, occlusions, transmission noise, privacy constraints,

or domain shifts, making incomplete multimodal data the norm rather than the excep-

tion. Importantly, missing modality represents a special case of this broader setting,

typically referring to the complete absence of an entire modality, whereas incomplete

modality provides a more general and fine-grained formulation that also encompasses

partially observed or corrupted features, heterogeneous modality availability across di-
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alogue turns, and varying degrees of information loss within a modality. Figure 3.1

illustrates representative examples of uncertain and incomplete modality observations in

multimodal emotion recognition tasks.

Modality Demonstration
Possible

Reasons

Text
…They act like they are 

too cool to talk to me…

• Unfamiliar terms

• Automated speech 

recognition fault

Audio
• Background noise

• Sensor failure

Video
• Face undetected

• Fast motions

Figure 3.1: Illustration of uncertain missing modalities in Multimodal Emotion Recog-
nition Task.

Despite increasing attention to multimodal learning, many existing approaches

struggle to generalize under incomplete-modality conditions. A major limitation is that

most models assume only a single modality is missing at a time, ignoring more realistic

scenarios in which multiple modalities may be partially or entirely unavailable simulta-

neously. In addition, incomplete samples are often discarded or handled using shallow

imputation strategies, which underutilize the remaining modalities and fail to preserve

meaningful cross-modal interactions [98, 142].

Moreover, several prior work relies on rigid fusion schemes or processes each

modality in isolation. Such designs limit feature-level cross-modal reasoning, particu-

larly when modality observations are incomplete or unreliable. As a result, these models

are ill-suited to capture the complex interdependencies among modalities and conversa-

tional context that are essential for robust emotion recognition.

As summarized in Table 3.1, existing methods for handling incomplete or miss-

ing modalities can be broadly categorized into three groups. The first group focuses

on data augmentation, where artificial modality dropout is introduced during train-

ing to improve robustness to missing inputs. Representative examples include random

modality ablation strategies [70] and iterative dropout mechanisms such as PANet and

M2R2 [108]. While effective in improving robustness to a limited extent, these ap-

proaches do not explicitly model missing information nor adapt to varying incomplete-

modality patterns at inference time.

The second category consists of generative methods that aim to reconstruct miss-
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Table 3.1: A chronological summary of related works on missing modalities.

Model Approach Main
Technique

Studied
Problem

Modality
Missing Datasets Advantages Disadvantages

CRA [102] Generative Autoencoder Imputation Uncertain
Missing

GRSS,
RGB-D,
MTPIE,
HFSD

Offers a data imputation
method that harnesses the
advantages of both autoen-
coder networks and residual
learning

No clear proof for
this model’s suit-
ability in MERC.

CPM-Nets [135] Generative GANs Multi-view
Learning

Arbitrary
view-
missing

Hand-
written,
Animal,
CUB,
ADNI, etc.

Simultaneously leverages all
samples and views, and is
adaptable to arbitrary view-
missing patterns.

Cannot be utilized
for MERC and
only use the visual
modality.

MCTN [73] Join
Learning

RNNs MSA Uncertain
Missing

CMU-
MOSI, ICT-
MMMO,
Youtube

Offers a way to learn joint rep-
resentations with input com-
ing just from the source
modality.

No clear proof for
this model’s suit-
ability in MERC.

MeLIM [98] Generative Generative
network

Metric
Learning

Uncertain
Missing

ADNI Integrate metric learning with
the data generating process to
address the missing modality
problem in patient similarity
analysis.

Consider only in-
complete pairwise
modalities. Health-
care domain appli-
cation.

HGMF [10] Join
Learning

Graph-based
transductive
learning

Multimodal
Analysis

Uncertain
Missing

ModelNet40,
NT, IEMO-
CAP

Take advantage of a heteroge-
neous hypernode graph struc-
ture to capture interactions
from incomplete modalities

Conduct binary
classification task
on only 3 emotion
labels. Not com-
patible with MERC

TFR-Net [127] Join
Learning

Transformer MSA Uncertain
Missing

CMU-
MOSI,
CMU-
MOSEI

Enhances models’ robustness
to random missing in non-
aligned modality sequences.

No clear proof for
this model’s suit-
ability in MERC.

MMIN [142] Join
Learning

CRA MERC Uncertain
Missing

IEMOCAP,
MSP-
IMPROV

Predicts the presence of any
missing modality based on
the available modalities, con-
sidering various scenarios of
missing conditions.

Consider only the
complete absence
of modalities.

SMIL [58] Generative Bayesisan,
Meta Learn-
ing

Inference
Missing
Modality

Severely
Missing

CMU-
MOSI,
MM-IMDb,
avMNIST

Proposes multimodal learning
with severely missing modal-
ity that leverages Bayesian
Meta Learning.

Only considering
incomplete pair-
wise modalities.

TATE [134] Join
Learning

Transformer MSA Uncertain
Missing

IEMOCAP,
CMU-
MOSI

Designs a tag encoding mod-
ule that addresses scenarios
when there is a single modal-
ity or multiple ones are miss-
ing.

No clear proof for
this model’s suit-
ability in MERC.

M2R2 [108] Data
Augumen-
tation

Bidirectional
GRU, CPM-
Nets

MERC Uncertain
Missing

IEMOCAP,
MELD

Train an ERC model through
iterative data augmentation,
enhancing its performance by
learning a shared representa-
tion.

Missing modalities
at the utterance
level.

MM-Align [28] Join
Learning

Optimal
Transport,
Meta Learn-
ing

MSA Severely
Missing

CMU-
MOSI,
CMU-
MOSEI

Teaches the alignment dy-
namics between temporal
modality for the inference in
the event of lacking modality
sequences by applying opti-
mal transport.

Only considering
incomplete pair-
wise modalities.

MTMSA [56] Join
Learning

Transformer,
Modality
Translation

MSA Uncertain
Missing

CMU-
MOSI,
IEMOCAP

Employ a modality translation
module to translate the visual
and auditory modalities into
the textual modality.

No clear proof for
this model’s suit-
ability in MERC.

GCNet [49] Join
Learning

GNNs MERC Uncertain
Missing

IEMOCAP,
CMU-
MOSI,
CMU-
MOSEI

Designs the framework to
capture temporal and speaker
information in the incomplete
conversational data.

Reconstruction
loss based on MSE
might easily lead
to overfitting of the
model.

DiCMoR [112] Generative Distribution
Transfer

MSA Uncertain
Missing

CMU-
MOSI,
CMU-
MOSEI

Transferring distributions
from available modalities to
missing modalities reduces
the distribution gap between
them.

No clear proof for
this model’s suit-
ability in MERC.

IMDer [113] Generative Score-based
Diffusion

MSA Uncertain
Missing

CMU-
MOSI,
CMU-
MOSEI

Uses a score-based diffusion
model to map input Gaus-
sian noise into the distribution
space of missing modalities

No clear proof for
this model’s suit-
ability in MERC.
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ing modalities based on available ones. Early approaches such as CRA [102] and CPM-

Net [135] exploit cross-modal dependencies or adversarial learning for reconstruction.

More recent methods, including DiCMoR [112] and IMDer [113], employ probabilis-

tic modeling and diffusion-based sampling to recover missing features. However, these

approaches typically rely on strong assumptions about modality alignment and distribu-

tional similarity, which are difficult to satisfy in conversational settings characterized by

temporal dynamics and heterogeneous modality quality.

The third line of work explores joint representation learning, where models

aim to learn shared latent spaces that are resilient to incomplete modality observa-

tions. Representative examples include MMIN [142], which integrates reconstruction

and representation learning objectives, TFR-Nets [127], which employ Transformer-

based cross-modal reconstruction, and GCNet [49], which introduces graph-based rea-

soning for conversational data with incomplete modalities. Despite their promise, many

of these models treat missingness as a secondary issue rather than explicitly incorporat-

ing incomplete-modality awareness into the core model architecture.

Despite these advances, several challenges remain unresolved. First, most existing

methods do not jointly consider local modality reconstruction and global conversational

context modeling under incomplete-modality conditions. Second, cross-modal reason-

ing at the feature level is often shallow or heuristically designed. Third, the potential

of graph neural networks for modeling multimodal conversational structures in the pres-

ence of incomplete modalities has not been fully explored. To address these challenges,

we introduce Mi-CGA, a graph-based framework that jointly integrates local modality

reconstruction and global conversational context modeling for robust multimodal emo-

tion recognition under incomplete modality conditions.

In this chapter, we formalize the task of multimodal emotion recognition in con-

versation under incomplete-modality conditions as follows.

Input. A labeled multimodal datasetD = {(C(k),y(k))}K
k=1, where each conversa-

tion C(k) = [u(k)
1 , . . . , u

(k)
Nk

] is a sequence of utterances. Each utterance u(k)
i is associated

with speaker identities and full-modality representations {(u(k)
i )a, (u(k)

i )v, (u(k)
i )t}, to-

gether with emotion labels y(k) = [y(k)
1 , . . . , y

(k)
Nk

]. During training, incomplete-modality

conditions are simulated by stochastically masking one or more modalities according to

predefined missing patterns.

Output. A learned model that performs robust multimodal fusion under arbitrary

missing-modality patterns.
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3.2 Mi-CGA: Cross-Modal Graph Attention Network for
Robust Emotion Recognition in the Presence of In-
complete Modalities

3.2.1 Overview

Figure 3.2 illustrates the overall architecture of the proposed Mi-CGA framework

for multimodal emotion recognition in the presence of incomplete modalities. The

model is organized into two main stages that operate sequentially from raw multimodal

inputs to utterance-level emotion predictions.
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Figure 3.2: Overall Architecture of Mi-CGA model.

The first stage, termed Incomplete Multimodal Representation (IMR), aims to

handle diverse missing scenarios by encoding incomplete multimodal signals into a uni-

fied, speaker-aware representation. Given raw textual, acoustic, and visual features, IMR

first employs modality-specific encoders to derive utterance-level embeddings for each

modality, then applies a stochastic missing-mask generation procedure to simulate or

reflect incomplete-modality patterns, and finally augments the resulting representations
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with speaker embeddings. This process yields an incomplete yet structured representa-

tion Xmiss
s pk that captures both modality availability and speaker-dependent conversa-

tional context, and serves as the input to the subsequent graph-based reasoning stage.

The second stage, referred to as the Cross-modal Graph Attention Network
(CGA-Net), performs context-aware multimodal reasoning over Xmiss

s pk through three

integrated components. First, the Modality Feature Estimation (FE) module leverages

a graph convolutional encoder–decoder architecture to reconstruct missing or corrupted

modality features from neighboring utterances in the dialogue graph, and refines them

via a smoothing mechanism that balances reconstructed and original information. Sec-

ond, a Multi-head Graph Attention Network (MulGAT) models utterance-level and conversation-

level dependencies by attending over the fully connected dialogue graph, enabling topology-

aware aggregation of contextual cues across time and speakers. Third, a Cross-modal At-

tention Network (CMA) performs directional cross-modal attention between modality-

specific sequences to dynamically propagate complementary information across modal-

ities under incomplete-modality conditions.

By jointly modeling feature reconstruction, graph-based contextual dependencies,

and cross-modal interactions, Mi-CGA produces a final utterance representation that

is both robust to incomplete modalities and sensitive to conversational structure. This

representation is then fed into an utterance-level classifier for emotion prediction. In the

following sections, each module of IMR and CGA-Net is described in detail.

3.2.2 Incomplete Multimodal Representation (IMR)

Unimodal Encoder: The Unimodal Encoder generates utterance-level embeddings

tailored to specific modalities from raw modality features. For text, we employ a bi-

directional Long Short-Term Memory (BiLSTM) network to capture sequential contex-

tual information. For visual and acoustic modalities, following [35], we use a Fully

Connected Network to independently encode contextual features for each modality.

The multimodal context-aware feature encoding for each utterance is formulated

as follows:

x(a)
i = W a

e u
(a)
i + b(a) (3.1)

x(v)
i = W v

e u
(v)
i + b(v) (3.2)

x(t)
i =

[−−−−→
LSTM(u(t)

i ,x(t)
i−1),

←−−−−
LSTM(u(t)

i ,x(t)
i+1)

]
(3.3)
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Figure 3.3: Seven missing patterns for M = 3. Each row illustrates a missing pattern,
in which a rectangle with diagonal lines implies the missing modality.

where x(a)
i ∈ Rda , x(v)

i ∈ Rdv , and x(t)
i ∈ Rdt are context-aware representations for

audio, visual, and text modalities, respectively; da, dv, dt denote the corresponding latent

dimensions; and W a
e ,W

v
e are learnable parameters.

For a given conversation C, three modality-specific sequences are constructed as:

X(a) = [x(a)
1 ,x(a)

2 , . . . ,x(a)
N ] (3.4)

X(v) = [x(v)
1 ,x(v)

2 , . . . ,x(v)
N ] (3.5)

X(t) = [x(t)
1 ,x(t)

2 , . . . ,x(t)
N ] (3.6)

Missing Mask Generation: Similar to GCNet [49], we simulate the presence of

incomplete modalities across the entire conversation with an overall missing rate ρ ∈
[0, 1]. To ensure that each training sample retains at least one available modality, the

missing rate is bounded within [0, M−1
M ], where M denotes the number of modalities.

Figure 3.3 illustrates the possible missing patterns for a trimodal setting (M = 3).

Given a predefined missing rate ρ, a binary mask matrix Ω is generated for the

entire conversation C to indicate the availability of multimodal features. Specifically,

for each utterance with M modalities, the modalities to be masked are randomly sam-

pled according to ρ. The same missing rate is consistently applied across the training,

validation, and testing phases to ensure fair evaluation.

Let us denote Xmiss = [X(a)miss,X(t)miss,X(v)miss] ∈ RN×d as the conversation-

level representation under incomplete-modality conditions, where d = da +dt +dv. The
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incomplete representation is obtained as:

Xmiss = X⊙Ω, (3.7)

where X = [X(a),X(t),X(v)] ∈ RN×d denotes the complete multimodal feature matrix

of the input conversation, Ω ∈ {0, 1}N×d is the binary availability mask, and ⊙ repre-

sents element-wise multiplication. An entry Ωij = 0 indicates that the corresponding

feature dimension is unobserved due to incomplete modality, while Ωij = 1 indicates

an available observation.

Enhancing Conversation-level Representation with Speaker Embedding: Recent

studies [35, 42] validate the significance of speaker information in improving utterance

representations. Inspired by this observation, we employ a speaker embedding proce-

dure, denoted as S-Emb, to generate latent representations based on speaker identities.

Given a conversation C and its corresponding speaker set S, the speaker embedding

matrix Semb ∈ RN×|S| is obtained as:

Semb = S-Emb(S) (3.8)

The enhanced conversation-level representation Xmiss
spk ∈ RN×d̄ (where d̄ = d +

|S|) is constructed by incorporating the speaker embeddings as:

Xmiss
spk = η Semb ⊕Xmiss, (3.9)

where η ∈ [0, 1] is a scalar coefficient controlling the contribution of speaker informa-

tion, and ⊕ denotes the concatenation operation.

3.2.3 Cross-modal Graph Attention Network (CGA-Net)

We construct a dialogue graph G = (V , E) to represent multimodal conversational

data, where each utterance is treated as a node vi ∈ V . Each node is associated with

multimodal features xi = [x(a)
i ,x(v)

i ,x(t)
i ]. Edges are constructed between all utterances

within the same conversation, resulting in a fully connected graph represented by an ad-

jacency matrix A ∈ RN×N . Building upon the speaker-aware incomplete representation

Xmiss
spk produced by IMR, CGA-Net performs graph-based and cross-modal reasoning

through three key modules: (1) the Modality Feature Estimation module, (2) the Multi-
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head Graph Attention Network, and (3) the Cross-modal Attention Network. In what

follows, we detail each of these components.

Modality Feature Estimation (FE). Interconnected nodes corresponding to neigh-

boring utterances and sharing mutual multimodal information often exhibit underlying

similarities, which can be exploited to reconstruct missing features. Motivated by this

observation, we propose a multimodal Feature Estimation (FE) module consisting of a

GNN-based encoder fϕ and an MLP-based decoder gθ, as illustrated in Figure 3.4. The

encoder fϕ generates node embeddings by leveraging the conversational graph struc-

ture, while the decoder gθ aims to approximate missing modality features. In this way,

FE provides a principled alternative to naive imputation strategies such as zero or mean

filling.

Formally, the coarse reconstructed representation Xcoarse ∈ RN×d̄ of a conversation

C is computed as:

Xcoarse = gθ

(
fϕ(Xmiss

spk , Ã)
)
, (3.10)

where ϕ and θ denote the learnable parameters of the encoder and decoder, respectively.

Specifically, we instantiate the encoder fϕ using a Graph Convolutional Network

(GCN)1 [43], where Ã = D̂−1/2ÂD̂−1/2 denotes the symmetrically normalized adja-

cency matrix, Â = A + I, and I ∈ RN×N is the identity matrix. For the decoder gθ, we

adopt a linear transformation defined as

gθ(z) = Wθz + bθ, (3.11)

where Wθ and bθ are learnable parameters. Through Equation (3.10), the missing posi-

tions indicated by the corresponding mask are filled with the reconstructed values at the

same locations.

Although the imputed features reconstructed from neighboring utterances may

contain useful information, the reconstructed values and the originally observed val-

ues in Xcoarse can differ significantly, which may negatively affect the final classification

performance. To mitigate this issue, we apply a smoothing step by introducing a nor-

malization layer that blends the reconstructed features with the original incomplete rep-

1The proposed framework is flexible and can be extended to other graph neural network variants.
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Figure 3.4: Multimodal Feature Estimation Module (FE)

resentations, yielding the final imputed conversation-level representation XFE ∈ RN×d̄:

XFE = Norm(Xcoarse,Xmiss
spk ) (3.12)

= (1− λ) Xcoarse + λXmiss
spk , (3.13)

where λ ∈ [0, 1] is a hyperparameter controlling the contribution of the original incom-

plete representation during feature refinement. This smoothing mechanism allows FE to

strike a balance between leveraging information from neighboring nodes and preserving

useful cues from the original node.

To further encourage accurate reconstruction, we incorporate a reconstruction ob-

jective for the FE module into the overall training loss, which is detailed in Section 3.2.5.

Multi-head Graph Attention Network (MulGAT). Graph neural networks (GNNs)

are a class of deep learning methods that leverage topological information on graphs to

enhance representation learning over graph entities such as nodes, edges, and subgraphs

for downstream tasks, e.g., node classification [147]. GNNs typically consist of two

fundamental operations: information aggregation from neighboring nodes and state up-

dating. Among various GNN architectures, the Graph Attention Network (GAT) [106]

introduces an attention mechanism to adaptively weight neighborhood information dur-
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ing aggregation.

Inspired by GAT, we introduce a single-head graph attention sublayer, denoted as

S-GAT, to refine utterance-level representations within a conversation. Formally, given

the feature-estimated representation XFE, the output of S-GAT is computed as:

X̂FE = S-GAT(XFE,Θ), (3.14)

where X̂FE ∈ RN×d̄ denotes the enhanced representation and Θ represents the learnable

parameters of the S-GAT module.

For each node vi ∈ V , let xi ∈ Rd̄ denote its input feature vector, and let N (i) =
{vj ∈ V | (vj, vi) ∈ E} denote the set of its neighboring nodes. The S-GAT layer

operates through the following two steps.

Aggregation. The aggregated representation xagg,i ∈ Rd̄ of node vi is obtained by

attending over its neighbors:

xagg,i =
∑

vj∈N (i)
αij Waggxj, (3.15)

where Wagg ∈ Rd̄×d̄ is a learnable weight matrix and αij denotes the attention co-

efficient measuring the importance of node vj to node vi. Following GATv2 [8], the

attention coefficients are computed as:

αij = exp(eij)∑
vj∈N (i) exp(eij)

, (3.16)

where the unnormalized attention score eij is defined as:

eij = ϕ⊤
attσ(Θatt[xi ⊕ xj]) , (3.17)

with Θatt ∈ Rdatt×2d̄ and ϕatt ∈ Rdatt being learnable parameters, σ(·) a nonlinear

activation function (e.g., LeakyReLU), and ⊕ denoting concatenation.

State updating. The enhanced representation xcom,i ∈ Rd̄ of xi is computed by

aggregating the transformed neighbor representations:

xcom,i = σ

 ∑
vj∈N (i)

αij Wcomxagg,j

, (3.18)
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where αij is the attention coefficient defined in Equation (3.16), Wcom is a learnable

weight matrix, and σ is a non-linear activation function. As a result, X̂FE is built by

concatenating all xcom,i, i ∈ [1, N ], in the order of utterances within the conversation C.

To stabilize the learning process of self-attention and capture diverse relational

patterns, we employ a multi-head attention mechanism (MulGAT) based on the con-

catenation strategy to derive the utterance-level representation from XFE. Formally, the

enhanced representation XGAT using MulGAT is inferred as follows:

XGAT = MulGAT(XFE,Ψ) = Ψ
[
X̂FE

1 , . . . , X̂FE
H

]
, (3.19)

where H is the number of attention heads, X̂FE
i is the output from the i-th S-GAT, [·]

denotes concatenation, and Ψ is a trainable projection. In this way, MulGAT refines the

FE outputs by aggregating long-range conversational context over the dialogue graph.

Cross-modal Attention Network (CMA). Inspired by the decoder architecture of

the Transformer in neural machine translation [105], enabling latent adaptation across

modalities provides an effective mechanism for cross-modal information fusion. CMA

follows the general directional cross-modal attention formulation (Section 1.3.1.2) and is

used here to propagate complementary information under incomplete-modality settings.

Given two modalities δ and γ, we extract the corresponding modality-specific fea-

ture sequences Xδ ∈ RN×dδ and Xγ ∈ RN×dγ . To capture interactions between each

modality pair, we employ a cross-modal attention mechanism (CMA), as illustrated in

Figure 3.5, to model the directional information flow from modality δ to modality γ,

denoted as “δ → γ”.

Specifically, the cross-modal attention output Hγ from modality δ to modality γ is

computed as:

Hγ = CMAδ→γ(Xδ,Xγ) (3.20)

= Softmax
(
Qγ(Kδ)⊤
√
dk

)
V δ, (3.21)

where scaled dot-product attention [105] is adopted with Queries Qγ = XγWQγ , Keys

Kδ = XδWKδ , and Values V δ = XδWV δ . Here, WQγ ∈ Rdγ×dQ , WKδ ∈ Rdδ×dK ,

and WV δ ∈ Rdδ×dV are learnable projection matrices, where dQ, dK , and dV denote the

dimensions of the query, key, and value spaces, respectively. The scaling factor
√
dk is
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Figure 3.5: Crossmodal attention between sequence Xδ and Xγ

used to stabilize training, and the resulting representation satisfies Hγ ∈ RN×dV .

Likewise, the reverse cross-modal attention from modality γ to modality δ is com-

puted as:

Hδ = CMAγ→δ(Xγ,Xδ) ∈ RN×dV . (3.22)

These bidirectional cross-modal attention representations are then concatenated to form

the cross-modal interaction representation between modalities δ and γ:

Xδ⇄γ = [Hγ,Hδ] ∈ RN×2dV . (3.23)

Revisiting the incomplete-modality setting, we compute cross-modal attention rep-

resentations for all modality pairs in a conversation C as:

Xa⇄t
Cross = CMAa⇄t(X(a)FE,X(t)FE),

Xt⇄v
Cross = CMAt⇄v(X(t)FE,X(v)FE),

Xv⇄a
Cross = CMAv⇄a(X(v)FE,X(a)FE),

(3.24)

where X(a)FE ∈ RN×da , X(t)FE ∈ RN×dt , and X(v)FE ∈ RN×dv denote the modality-

specific representations inferred from the FE module described in Section ??. The ag-

gregated cross-modal attention representation of conversation C is finally constructed
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as:

XCross = [Xa⇄t
Cross,X

t⇄v
Cross,X

v⇄a
Cross], (3.25)

where [·] denotes the concatenation operation. Together with XGAT, this cross-modal

representation will be used to form the final utterance-level features for emotion classi-

fication.

3.2.4 Emotion Classification

To jointly exploit topology-aware contextual representations and cross-modal in-

teraction cues, we concatenate the outputs of the graph attention and cross-modal atten-

tion modules to form the final representation:

XFinal = [XGAT ,XCross], (3.26)

where XGAT and XCross denote the enhanced conversation-level representations pro-

duced by the multi-head graph attention module (Equation 3.19) and the cross-modal

attention module (Equation 3.25), respectively.

For each utterance ui ∈ C, the corresponding feature vector x̂i ∈ XFinal is fed into

a feed-forward classification network to predict its emotion label:

li = ReLU(Wlx̂i + bl),

si = Softmax(Wsli + bs),

ŷi = argmax
k

si[k],
(3.27)

where Wl ∈ Rd̄×d̄ and bl ∈ Rd̄ are the parameters of the hidden layer, and Ws ∈ R|E|×d̄

and bs ∈ R|E| are the parameters of the output layer.

3.2.5 Model Training

To jointly optimize emotion classification and feature reconstruction, we adopt a

dual-loss training objective that combines a classification loss and a reconstruction loss:

L = Lcls + Lrct. (3.28)
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Here, Lcls drives the model to correctly predict utterance-level emotion labels, while

Lrct regularizes the FE module to produce meaningful reconstructions of incomplete

features.

The classification loss Lcls is defined as the cross-entropy loss between the pre-

dicted emotion distribution and the ground-truth label. Let si ∈ R|E| denote the softmax

output for utterance ui, and let yi ∈ {0, 1}|E| be its one-hot ground-truth label. The

classification loss is computed as:

Lcls = − 1
N

N∑
i=1

y⊤
i log si. (3.29)

The reconstruction loss Lrct is introduced to encourage accurate feature estima-

tion in the FE module. We investigate two alternative reconstruction objectives: Mean

Squared Error (MSE) and Kullback–Leibler (KL) divergence.

The MSE-based reconstruction loss is defined as:

LMSE = 1
|X|

∥∥∥X−XFE
∥∥∥2

F
, (3.30)

where X and XFE denote the original and reconstructed conversation-level feature ma-

trices, respectively, |X| denotes the total number of feature elements, and ∥ · ∥F is the

Frobenius norm.

Alternatively, we adopt a KL-divergence-based reconstruction loss inspired by the

sparse autoencoder framework [64]. Instead of reconstructing the entire feature values,

this objective encourages the reconstructed features to match the activation distribution

of the original representations. Let p̂ = Sigmoid(XFE) denote the estimated activation

probabilities, and let p be a predefined sparsity parameter. The KL-divergence loss is

defined as:

LKL =
∑
j

[
p log p

p̂j
+ (1− p) log 1− p

1− p̂j

]
, (3.31)

where p̂j denotes the average activation of the j-th feature dimension. By minimizing

LKL, the model is encouraged to recover meaningful activation patterns while avoiding

overfitting to exact feature values.

In our experiments, we evaluate three training variants: (i) L1 = Lcls + LMSE ,

(ii) L2 = Lcls + LKL, and (iii) L3 = Lcls, which excludes the reconstruction loss.

As reported in Figure 3.7, L1 generally yields the best trade-off between recognition
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accuracy and robustness under different missing-rate settings; therefore, we adopt L1 as

the default training objective for Mi-CGA unless otherwise stated.

3.3 Experiments and Results

3.3.1 Implementation

Dataset. Mi-CGA is evaluated on IEMOCAP, CMU-MOSI and CMU-MOSEI datasets.

Baselines. To comprehensively assess Mi-CGA’s performance, we conducted a thor-

ough comparison with various baselines and state-of-the-art (SOTA) models in incom-

plete multimodal ERC. These include CPM-Net [135], AE [4], CRA [102], MMIN

[142], GCNet [49], DiCMoR [112], and IMDer [113].

Evaluation Strategy. For each testing dialogue, Mi-CGA and baseline models are

required to generate the predicted emotion label for every single utterance within the

conversation. Similar to related baselines, the accuracy (Acc.) and weighted-F1 score

(w-F1.) are used in our experiment as the evaluation metrics.

Implementation Details. We utilize Adam optimizer with a learning rate of 0.003 and

weight decay of 1e−5 with a number of epochs is 200. All experiments are conducted

on a machine with NVIDIA RTX 3060Ti with 8GB of memory. For the structure of

Mi-CGA, we stack 2 layers of GAT along with 4-head attentions. The coefficient λ and

p is set to default as 0.5 and 0.2 respectively.

3.3.2 Results

Comparison with baseline models. Table 3.2 shows the comparision results of Mi-

CGA against the SOTA techniques in Multimodal ERC with feature incompleteness.

Additionally, we provide the average performance across all missing rate ratios to of-

fer a comprehensive assessment of our model’s effectiveness. Our propose model, Mi-

CGA, consistently outperforms all other competing approaches across multiple datasets.

Specifically, on the IEMOCAP (4-way) dataset, our method exhibits a substantial perfor-

mance gain of 6.30% over the leading model, GCNet on average w-F1 score. Moreover,
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on the IEMOCAP (6-way), Mi-CGA establishes a new SOTA record with an impres-

sive accuracy of 62.43%, signifying a noteworthy improvement of 6.25% compared to

the prior best-performing model (GCNet). We consistently observe similar performance

improvements on both the CMU-MOSI and CMU-MOSEI datasets, further validating

the robustness and effectiveness of our approach in the realm of incomplete multimodal

learning for Multimodal ERC.

Table 3.2: Comparision with existing works for various missing rates.

Dataset Models Missing Rates
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 Average

IEMOCAP
(4-way)

CPM-Net 58.00 55.29 53.65 52.52 51.01 49.09 47.38 44.76 51.46
AE 74.82 71.36 67.40 62.02 57.24 50.56 43.04 39.86 58.29

CRA 76.26 71.28 67.34 62.24 57.04 49.86 43.22 38.56 58.23
MMIN 74.94 71.84 69.36 66.34 63.30 60.54 57.52 55.44 64.91
GCNet 78.36 77.48 77.34 76.22 75.14 73.80 71.88 71.38 75.20

Mi-CGA 83.42 82.83 82.27 81.50 83.17 80.08 79.96 79.35 81.50
∆ 5.06 5.35 4.93 5.28 8.03 6.28 8.08 7.97 6.30

IEMOCAP
(6-way)

CPM-Net 41.05 37.33 36.22 35.73 35.11 33.64 32.26 31.25 35.32
AE 56.76 52.82 48.66 42.26 35.18 29.12 25.08 23.18 39.13

CRA 58.68 53.50 49.76 45.88 39.94 32.88 28.08 26.16 41.86
MMIN 56.96 53.94 51.46 48.42 45.60 42.82 40.18 37.84 47.15
GCNet 58.64 58.50 57.64 57.08 56.12 54.40 53.60 53.46 56.18

Mi-CGA 66.04 65.83 64.07 63.08 61.72 59.96 59.52 59.18 62.65
∆ 7.36 7.33 6.43 6.00 5.60 5.56 5.92 5.72 6.47

CMU-MOSI

CPM-Net 71.90 68.91 71.12 70.59 64.95 65.88 64.02 61.79 67.77
AE 56.76 52.82 48.66 42.26 35.18 29.12 25.08 23.18 39.13

CRA 58.68 53.50 49.76 45.88 39.94 32.88 28.08 26.16 41.86
MMIN 85.20 81.91 78.22 74.60 70.14 67.72 64.04 61.53 72.92
GCNet 85.01 82.54 80.17 78.54 76.48 73.45 69.46 68.35 76.75

DiCMoR 85.60 83.90 82.00 80.20 77.70 76.40 73.00 70.08 78.70
IMDer 85.60 84.80 83.40 81.00 78.50 75.90 74.00 71.20 79.30

Mi-CGA 87.21 85.02 83.28 81.83 79.56 78.62 75.63 73.05 80.05
∆ 1.61 0.22 -0.12 0.83 1.06 2.22 1.63 1.85 0.75

CMU-MOSEI

CPM-Net 78.47 74.79 74.48 73.81 72.39 70.43 68.73 67.07 72.52
AE 86.66 84.37 82.58 80.57 78.80 76.43 74.26 72.81 79.56

CRA 86.48 84.19 82.25 80.12 78.55 75.85 74.07 72.46 79.25
MMIN 85.78 83.77 81.85 79.77 77.63 75.36 72.95 71.18 78.54
GCNet 87.12 86.50 85.50 84.53 83.55 82.44 80.27 80.20 83.76

DiCMoR 85.10 83.50 81.50 79.30 77.40 75.80 73.70 72.20 78.60
IMDer 85.10 84.60 82.40 80.70 78.10 77.40 75.50 74.60 79.80

Mi-CGA 87.61 86.21 85.80 84.81 84.26 84.82 82.85 81.56 83.92
∆ 0.49 -0.29 0.30 0.28 0.71 2.38 2.58 1.36 0.16

Bold marks the best result, underline the second-best.
∆ shows Mi-CGA’s improvements over the second-best model.

Delving further into the results associated with varying data incompleteness ratios,

ranging from complete data (ρ = 0.0) to severe missing data (ρ = 0.7), reveals that

our model demonstrates effectiveness in scenarios with both complete and incomplete

modalities. Specifically, in the context of modality-complete data (i.e., ρ = 0.0), our
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model Mi-CGA consistently demonstrates significant improvements across all datasets,

ranging from 0.49% (CMU-MOSEI) to 7.36% (IEMOCAP 6-way) compared to cur-

rently advanced approaches. This phenomenon is also observed in severely modality-

incomplete data (i.e., ρ = 0.7), with improvements ranging from 1.36% (CMU-MOSEI)

to 7.97% (IEMOCAP(4-way)) compared to other baseline models.

Moreover, the experimental results presented in Table 3.2 clearly demonstrate that

Mi-CGA exhibits significantly smaller performance degradation compared to the base-

line models as the missing rate increases. In IEMOCAP (4-way) dataset, the perfor-

mance of the baseline models drop significantly, with declines ranging from 6.98%

(GCNet) to 37.70% (CRA). In contrast, our Mi-CGA exhibits a much more modest

decline, experiencing only a 4.07% decrease in performance. This trend holds across

the remaining datasets, where our model also achieves comparable results with other

currently advanced models.

Importance of the Modalities. In this experimental setup, three scenarios were con-

sidered: (S1) Exclusive use of a single modality for analysis, ensuring no missing modal-

ities given the assumption detailed in Section 3.2.2 (i.e., ρ = 0.0); (S2) Utilization of

any two modalities for emotion recognition (e.g., A+V, A+T, and V+T), with varying

missing modality ratios from ρ = 0.0 to ρ = 0.5; (S3) Simultaneous employment of

all three modalities (A+V+T), with missing modality ratios ranging from ρ = 0.0 to

ρ = 0.7.

The results in Table 3.3 highlight the significance of modalities across three scenar-

ios. On the IEMOCAP (6-way) dataset (S1), the text modality outperforms audio and

visual, with w-F1 scores 12.43% and 17.74% higher, respectively. Similar trends are

observed in the IEMOCAP (4-way) dataset, with the text modality surpassing audio and

visual by 6.93% and 17.02%, respectively, affirming its prominent role in multimodal

ERC.

In scenario S2 on the IEMOCAP (6-way) dataset, combining the text modality with

others leads to better performance compared to combinations without it. Specifically,

omitting the text modality results in an average decrease of about 9.76% in the weighted

F1 (w-F1) score compared to combinations lacking audio or visual. When analyzing the

results in Table 3.3 for the IEMOCAP (6-way) dataset, especially as the missing rate

increases from 0.0 to 0.5, we observe that the A+V combination experiences a smaller

decline compared to A+T and V+T. The performance drop for A+V is 3.24%, while

91



Table 3.3: Results of modality ablation experiments on IEMOCAP dataset.

Modalities IEMOCAP (6-way)

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

A 51.33 - - - - - - -
V 46.02 - - - - - - -
T 63.76 - - - - - - -

A+V 54.96 53.98 51.69 50.82 52.23 51.71 - -
A+T 65.67 64.92 63.25 61.13 60.53 60.41 - -
V+T 65.39 65.37 63.28 60.02 59.91 59.63 - -

A+V+T 66.04 65.83 64.07 63.08 61.72 59.96 59.52 59.18

Modalities IEMOCAP (4-way)

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

A 73.77 - - - - - - -
V 63.68 - - - - - - -
T 80.70 - - - - - - -

A+V 75.22 75.66 74.87 75.56 74.01 78.26 - -
A+T 81.50 81.40 79.50 79.90 78.61 77.93 - -
V+T 82.91 82.44 80.77 80.79 80.34 79.60 - -

A+V+T 83.42 82.83 82.27 81.72 82.37 80.08 79.96 79.35
“A”, “V”, and “T” denote audio, visual, and textual modalities, respectively.

Bold indicates the best result, underline the second-best.
“-” means no results were reported at that missing rate.

for A+T and V+T, it is 5.51% on average. This underscores the importance of the text

modality, particularly in cases of severe missing data, where incomplete text leads to a

significant overall performance drop. This trend is similarly observed in the IEMOCAP

(4-way) dataset.

For the scenario S3, the best results emerge when all three modalities are employed

concurrently, underscoring the synergistic contributions of these modalities in the mul-

timodal ERC task across both datasets.

Effects of MulGAT and CMA in CGA-Net. In these experiments, we created two

model variants by selectively removing specific modules from Mi-CGA. The goal was to

assess the effectiveness of these modules by evaluating the performance of the resulting

model variants. The following model variants were generated: (1) CGA-G, which omits

the Multi-head Graph Attention Network from CGA-Net; (2) CGA-C, which excludes

the Cross-modal Attention Network from CGA-Net.

The module ablation experiment results, as presented in Table 3.4, offer insights

into the performance of the different model variations. For the IEMOCAP (4-way)
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Table 3.4: Effectiveness of MulGAT and CMA.

ρ Module IEMOCAP
(4-way)

IEMOCAP
(6-way) CMU-MOSI CMU-MOSEI

0.0
CGA-G 81.59 63.59 80.63 87.58
CGA-C 83.21 65.52 78.51 87.62

Mi-CGA 83.42 66.04 87.21 87.61

0.1
CGA-G 81.58 63.84 75.29 86.33
CGA-C 82.74 65.26 76.15 86.37

Mi-CGA 82.83 65.83 85.02 86.50

0.2
CGA-G 81.70 61.60 76.16 85.23
CGA-C 82.20 63.90 76.65 85.25

Mi-CGA 82.27 64.07 83.28 85.93

0.3
CGA-G 80.93 60.14 71.68 84.22
CGA-C 81.47 61.79 74.02 84.24

Mi-CGA 81.50 63.08 81.09 84.13

0.4
CGA-G 82.86 59.45 66.43 83.31
CGA-C 82.95 61.57 69.64 83.00

Mi-CGA 83.17 61.72 79.32 83.09

0.5
CGA-G 79.50 57.68 67.83 83.58
CGA-C 79.61 59.88 71.37 83.66

Mi-CGA 80.08 59.96 79.83 83.69

0.6
CGA-G 78.86 57.66 60.68 80.78
CGA-C 78.99 58.63 64.19 80.48

Mi-CGA 79.96 59.52 75.10 80.74

0.7
CGA-G 78.32 59.03 58.75 78.89
CGA-C 78.35 59.01 61.41 79.33

Mi-CGA 79.35 59.18 69.57 79.66

CGA-G and CGA-C denote CGA-Net without the MulGAT and CMA modules, respectively.
The best results are shown in bold.

dataset, we observe that CGA-G experiences an average reduction of 0.91% across all

missing rates, while CGA-C shows an average decrease of 0.38% across all missing

rates. These values are slightly higher on the IEMOCAP (6-way) dataset, standing at

2.03% and 0.45%, respectively. Importantly, CGA-G consistently displays a lower over-

all decrease.

Similar trends are evident on both CMU-MOSI and CMU-MOSEI datasets. How-

ever, on the CMU-MOSEI dataset at missing rates of 0.4 and 0.6, CGA-G achieves the

best results, although the improvement over Mi-CGA is not significantly substantial. As

the data missing rates increase, the efficacy of cross-modality learning diminishes, as

the aggregation of more information from extensively missing modalities may introduce

heightened noise into the model.

Advantage of the Multimodal FE Module. Dealing with missing data poses a fun-

damental challenge in machine learning. Zero imputation, a simple method, involves
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replacing missing values with zeros. In graph contexts, a common approach is to im-

pute missing information by borrowing from neighboring nodes [83]. Here, we compare

our Feature Estimation (FE) approach against two baseline strategies: setting the global

mean (MeanImp) as missing values and assigning missing features to 0 (ZeroImp).

Figure 3.6 shows the performance comparison between our FE and these imputation

strategies.
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Figure 3.6: Illustration of the robustness in performance of our proposed feature estima-
tion against basis approaches in the different rate of missing in modalities.

In the CMU-MOSI dataset, our FE module maintains stable performance with in-

creasing missing data levels. However, the ZeroImp strategy shows a notable perfor-

mance drop from 73.11% to 53.32% (a decrease of 19.79%). Similarly, the MeanImp

strategy also sees a decrease of about 19.21% as missing data levels rise. Filling missing

values with zeros or global means cannot recover lost information, leading to significant

performance degradation when learning from the remaining non-zero data points. Using

neighboring node averages for imputation proves ineffective as the missing rate rises,

as it still relies on zero-dominated averages. Overall, our FE approach consistently out-

performs the naive imputation strategies and provides results that are significantly more

competitive and reliable.

Effects of smooth factor λ in FE. In this section, we examine how the smoothing fac-

tor (λ) influences the final estimated features (XF E) by bridging the gap between initial

missing features (Xmiss
spk ) and raw features estimated from neighboring nodes (Xcoarse).

We vary λ from 0 (no smoothing) to larger values like 0.9, indicating more influence
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from the coarse estimated features. Table 3.5 shows the results on the IEMOCAP dataset

for different λ settings.

Table 3.5: An investigation of the impact of the smoothing factor λ.

Settings IEMOCAP (4-way)
0.1 0.2 0.3 0.4 0.5 0.6 0.7

w/o smooth 81.68 82.10 80.50 83.40 80.20 74.51 79.50
λ = 0.1 81.61 82.19 81.57 82.68 79.88 75.05 79.73
λ = 0.2 82.12 81.98 80.44 82.25 79.77 75.92 78.51
λ = 0.5 82.83 82.27 81.50 83.17 80.08 77.86 80.79
λ = 0.9 82.58 81.87 80.73 81.38 78.79 76.75 79.61

Settings IEMOCAP (6-way)
0.1 0.2 0.3 0.4 0.5 0.6 0.7

w/o smooth 64.86 62.04 63.31 59.45 57.14 60.40 58.44
λ = 0.1 63.50 62.38 63.28 59.10 57.72 60.11 56.04
λ = 0.2 63.62 62.88 63.69 60.14 57.91 59.99 56.51
λ = 0.5 65.83 64.07 63.08 61.72 59.96 61.32 59.18
λ = 0.9 65.76 63.60 63.93 61.10 58.03 58.92 56.09

The best results are bolded,
the second-highest result is denoted by the underline.

In both the IEMOCAP (4-way) and IEMOCAP (6-way) datasets, we observe that

the optimal value for the parameter λ, which maximizes the overall performance of the

Mi-CGA model, is consistently 0.5 across various missing rates. This value signifies

that the final estimated features leverage information equally from neighboring nodes

and the original node features that were initially missing. It supplements information

from neighboring nodes without entirely discarding the original node’s information, in-

dicating that our Feature Estimation (FE) module selectively augments missing features,

striking a balance that enhances the model’s performance.

Effect of Different Losses. To examine the impacts of different loss functions, we

conduct experiments by substituting various loss functions and evaluating their effect

on performance. Specifically, we compare the Mean Squared Error (MSE) loss and

the Kullback–Leibler (KL) divergence loss, as described in Section 3.2.5. Additionally,

we assess our model’s performance against GCNet [49], a previous SOTA model that

utilizes the MSE loss.

We assess our model with three reconstruction loss (Lrct) settings: (1) L1: employ-

ing Mean Squared Error (MSE) loss (Lcls+LMSE); (2) L2: utilizing KL-divergence loss

(Lcls + LKL); (3) L3: using only the classification loss Lcls without any reconstruction

loss. Figure 3.7 shows the performance comparison among different loss settings. KL-
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Figure 3.7: Illustration of our Mi-CGA performance with different types of objective
function on IEMOCAP datasets.
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Figure 3.8: A comparison of the impact of the p value in Lrct. The default setting in
Mi-CGA is p = 0.2. The results for different p values show minimal variation, but they
consistently outperform the scenario without Lrct.
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divergence demonstrates superior performance compared to the other two loss settings

across both the IEMOCAP (4-way) and IEMOCAP (6-way) datasets, highlighting Mi-

CGA’s effectiveness in optimizing the specified loss function. This could be because the

MSE loss strictly emphasizes exact reconstruction, while KL-divergence is more flexible

in regularizing the similarity between value distributions.

We varied the sparse parameter p in the KL divergence to assess its impact on the

effectiveness of KL as a reconstruction loss function in our model. Results from Fig-

ure 3.8 show that incorporating LKL as the reconstruction loss in Eq. (3.28) enhances

the performance of our model across all missing cases in both IEMOCAP (4-way) and

IEMOCAP (6-way) datasets compared to models without the reconstruction step. How-

ever, performance differences across different p coefficients are minimal.

3.3.3 Discussion

The experimental results confirm that explicitly modeling cross-modal relation-

ships is an effective strategy for improving robustness under incomplete modality set-

tings. By enabling structured information propagation across available modalities, Mi-

CGA allows complementary emotional cues to compensate for missing signals at the

representation level. This design is particularly well suited to conversational emotion

recognition, where emotional information is often unevenly distributed and not simulta-

neously observable across modalities.

However, the results also highlight the inherent limitations of representation-level

compensation. The effectiveness of Mi-CGA strongly depends on the quality of the

remaining modalities: when the available signals contain sufficiently informative emo-

tional cues, cross-modal propagation can recover a substantial portion of the missing

information. In contrast, when multiple modalities are missing or the remaining cues

are weak, the performance gains become smaller. This indicates that cross-modal rep-

resentation learning alone cannot fully substitute missing information in challenging

multimodal scenarios.

From an efficiency perspective, Table 3.6 shows that the robustness gains of Mi-

CGA are achieved without prohibitive computational cost. Mi-CGA is substantially

more parameter-efficient, using approximately 100× fewer parameters than GCNet and

about 16× fewer parameters than MMIN. It also requires around 2.2× less GPU memory

than GCNet and 1.5× less memory than MMIN, while maintaining comparable training
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Metric GCNet MMIN Mi-CGA

#Parameters 34M 5.44M 0.34M
Train time / epoch 0.8877 s 2.4819 s 0.8467 s
Inference time 0.1190 s 0.9702 s 0.1977 s
GPU memory usage 1305.85 MB 888.06 MB 583.27 MB

Table 3.6: Computational cost comparison on the IEMOCAP dataset.

time and significantly faster inference than MMIN. These results suggest that Mi-CGA

improves robustness primarily through structured cross-modal reasoning rather than in-

creased model capacity.

An important implication of these findings is that modality imbalance remains a

critical issue even in incomplete modality settings. When some modalities are missing,

the learning process tends to over-rely on the remaining dominant modalities, which

can further amplify imbalance during optimization. While Mi-CGA addresses the avail-

ability of multimodal information, it does not explicitly regulate modality contributions

during training. This observation motivates the focus of the following chapter, which

studies modality imbalance from an optimization perspective.
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3.4 Chapter Summary

In this chapter, we addressed the challenge of learning from incomplete modali-

ties in low-quality multimodal data by introducing Mi-CGA, a framework specifically

designed for MERC. At the core of Mi-CGA is the Cross-modal Graph Attention Net-
work (CGA-Net), which integrates three key components: (i) Modality Feature Estima-

tion (FE) for reconstructing missing features and mitigating information loss, (ii) Graph

Attention Network (GAT) for modeling contextual relationships between utterances, and

(iii) Cross-modal Attention (CMA) for capturing semantic correlations between modali-

ties.

Extensive experiments on benchmark datasets, including IEMOCAP, CMU-MOSI,

and CMU-MOSEI, demonstrate that Mi-CGA effectively improves robustness in scenar-

ios with incomplete modalities. By jointly leveraging intra-modal and cross-modal re-

lationships through graph-based modeling, Mi-CGA significantly enhances the model’s

ability to learn meaningful representations despite severe data incompleteness, thereby

contributing to the broader objective of developing robust multimodal learning strategies

for low-quality data.

Limitations and Future Directions. While Mi-CGA demonstrates strong performance,

several limitations remain. First, the Missing Mask is randomly generated, meaning

the model cannot explicitly control which modality or specific positions are missing.

Although this randomness simulates real-world data loss, it can also lead to extreme

cases where an entire modality is nearly masked out, severely reducing the available

information for the CGA-Net module. Second, each modality differs in feature length,

and this heterogeneity can make the feature estimation task challenging, especially when

large portions of weaker modalities are masked. Third, the performance of Mi-CGA is

sensitive to hyperparameters such as the number of GAT layers and the smoothing factor

in the Feature Estimation Module. Additionally, the framework imposes a non-trivial

computational cost, which may limit its suitability for real-time applications.

In future work, we plan to explore (1) adaptive strategies for generating Miss-

ing Masks that better balance information loss across modalities, (2) automated hyper-

parameter optimization to improve model robustness and reduce manual tuning, and

(3) lightweight graph-based architectures or pruning techniques to reduce computational

overhead while maintaining performance.
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Chapter 4

Multimodal Emotion Recognition in
Conversation under Imbalanced
Modality Condition

4.1 Introduction

Following the investigation of incomplete-modality learning in the previous chap-

ter, this chapter focuses on another fundamental challenge in learning from low-quality

multimodal data, namely modality imbalance. While incomplete-modality settings

arise from partial or missing inputs, modality imbalance occurs even when all modalities

are available, but contribute unequally during training.

In this chapter, we study multimodal emotion recognition in conversation under

imbalanced modality conditions. The task input and output remain identical to the stan-

dard MERC formulation, while the learning process is explicitly designed to regulate

modality contributions during optimization.

Input. A labeled multimodal dataset D = {(C(k),y(k))}K
k=1, where each con-

versation C(k) = [u(k)
1 , . . . , u

(k)
Nk

] consists of a sequence of utterances. Each utterance

u
(k)
i is associated with a speaker and three modalities (text t, audio a, visual v), i.e.,

u
(k)
i = {(u(k)

i )t, (u(k)
i )a, (u(k)

i )v}, and y(k) = [y(k)
1 , . . . , y

(k)
Nk

] denotes the corresponding

sequence of emotion labels.

Output. A learned multimodal emotion recognition model that predicts an emo-

tion label for each utterance in every conversation under modality-imbalanced condi-

tions, while achieving more balanced and stable multimodal fusion.
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Under this formulation, modality imbalance does not alter the task definition, but

manifests during training as uneven modality contributions and gradient dominance.

Accordingly, this chapter focuses on optimization-level strategies that can be flexibly

integrated as plug-in modules to existing MERC models, without modifying their in-

put–output interfaces.

In multimodal emotion recognition, different modalities often exhibit distinct learn-

ing dynamics and discriminative capacities. In practice, dominant modalities tend to

converge faster and exert a disproportionate influence on gradient updates, whereas

weaker modalities such as audio and visual signals remain under-optimized. As il-

lustrated in Figure 4.1, this imbalance leads to suboptimal multimodal fusion, where

complementary information from non-dominant modalities is insufficiently exploited.

Prior studies have characterized this phenomenon using terms such as the greedy nature

of dominant modalities [119], modality collapse [39], and modality imbalance [21, 51].

Existing explanations attribute this issue to heterogeneous convergence rates [109], gra-

dient suppression of slower modalities [71], and diminishing marginal utility from addi-

tional modalities [114].

To address modality imbalance, this chapter presents two complementary approaches

that aim to achieve balanced and stable multimodal learning. The first approach,

Ada2I, introduces an end-to-end framework that explicitly re-balances learning at both

the feature and modality levels. The second approach, SPCL, proposes a lightweight

and plug-and-play self-paced curriculum learning strategy that progressively mitigates

modality imbalance and can be integrated into a wide range of multimodal architectures.

Together, Ada2I and SPCL contribute to Objective O2 of this dissertation by im-

proving the robustness of multimodal learning under low-quality conditions. Specif-

ically, these methods address RQ3 by enhancing the contribution of under-optimized

modalities, and RQ4 by promoting balanced and stable optimization across modalities

throughout training. The studies presented in this chapter are based on works published

at the ACM International Conference on Multimedia (ACM MM 2024) [VanNTC 4] and

an extended study currently accepted at Neural Computing and Applications [VanNTC
5].
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Figure 4.1: (a) Weighted F1 scores for the multimodal setting (T+A+V) compared with
each unimodal encoder, and (b) batch-average unimodal-logit scores.

4.2 Ada2I: Enhancing Modality Balance for Multimodal
Conversational Emotion Recognition

While recent approaches such as OGM-GE [71] and MMCosine [122] attempt to

balance learning across modalities through gradient modulation or normalization, they

often focus on pairwise modality interactions, leading to high computational cost and

neglecting holistic multi-modality balancing. Moreover, these methods have primarily

been validated on tasks like audio-visual learning [71, 122] or sentiment analysis [150],

with limited attention to multimodal ERC on benchmark datasets such as IEMOCAP [9],

MELD [78], and CMU-MOSEI [133].

Additionally, some recent studies [104, 114] report improved ERC performance

with multimodal fusion but still reveal a persistent gap in the contribution of weaker

modalities, highlighting the need for strategies that enhance all modalities simultane-

ously rather than optimizing only dominant ones. This gap is particularly critical for

practical multimodal ERC applications, where unbalanced modality contributions can

degrade overall model robustness and generalization.
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To address these challenges, we propose Ada2I, an end-to-end framework that

comprehensively tackles modality imbalance in multimodal ERC. Ada2I introduces two

complementary modules: (i) Adaptive Feature Weighting (AFW) for feature-level bal-

ancing, and (ii) Adaptive Modality Weighting (AMW) for modality-level balancing.

AFW applies tensor contraction to derive feature-aware attention weights, enhancing the

representation of each modality, while AMW normalizes and re-weights modality-level

representations to mitigate dominance. Additionally, we extend the disparity ratio from

OGM-GE [71] to simultaneously handle all three modalities (text, audio, and visual),

thereby reducing model complexity and improving learning efficiency for MERC.

Figure 3.2 summarizes the overall Ada2I architecture: modality-specific Trans-

former encoders first produce unimodal features, which are refined by AFW at the fea-

ture level and then re-balanced by AMW at the modality level before being fed into the

final classifier. In this way, AFW focuses on correcting intra-modality feature imbal-

ance, whereas AMW and the extended disparity-ratio based training strategy explicitly

address inter-modality dominance.
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Figure 4.2: Illustration of Ada2I framework
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4.2.1 Problem Definition

Consider a conversation C consisting of N utterances {u1, u2, . . . , uN}, where

each utterance is associated with M modalities, including text (t), audio (a), and visual

(v). Each utterance is represented as:

ui = {ut
i, u

a
i , u

v
i }, i ∈ {1, . . . , N}. (4.1)

For each modality m ∈ {t, a, v}, a modality-specific encoder extracts a sequence

of features Xm = [xm
1 , . . . ,xm

N ] ∈ RN×dm , where dm denotes the feature dimension of

modality m.

4.2.2 Modality Encoder

Given a conversation C, a Transformer [105] network is utilized as the encoder

to generate a unimodal representation Zm ∈ RN×dm respecting to the modality m as:

Zm = ϕ(θ(m),Xm),m ∈ {t, a, v} (4.2)

where the function ϕ(θ(m)) is the Transformer network with learnable parameter θ(m).

4.2.3 Adaptive Feature Weighting (AFW)

Tensor-based Multimodal Interaction Representation

Motivated by the tensor-ring decomposition method introduced by [144], we ex-

tend the traditional attention mechanism by replacing the query (Q) and key (K) repre-

sentations with tensor-ring decomposition-based counterparts. This modification results

in query tensor-ring representation GQ and key tensor-ring representation GK , which

facilitate the acquisition of more compact modality representations. Additionally, in-

spired by [100], we integrate a tensor-based multi-way interaction transformer architec-

ture into our model. This enhancement allows the model to capture multi-way interac-

tions among modalities, thereby enhancing its capability to discern intricate multimodal

relationships.

We employ a tensor-ring-based generation function to retrieve the multi-interaction

multimodal query tensorQ and key tensor K from the input modality presentations Zm.
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Specifically, we compute Q and K as follows:

Q = Tr{G(t)
Q ,G(a)

Q ,G(v)
Q } ∈ Rdt×da×dv

K = Tr{G(t)
K ,G(a)

K ,G(v)
K } ∈ Rdt×da×dv

(4.3)

Here, Tr{.} represents the tensor-ring decomposition function, which naturally provides

the low-rank core tensor representations Gm
Q and Gm

K for each modality.

To perform multimodal attention in the tensor space, we need to compute the atten-

tion coefficient matrix, Θ, from the tensorized input. To achive this, we can first compute

the Tensor-ring Key representation and Tensor-ring Query representation of input data,

Gm
Q ∈ Rdm×rs×rw and Gm

K ∈ Rdm×rs×rw , where m ∈ {t, a, v}, the index s, w ∈ {1, 2, 3},
and s ̸= w. The attention coefficient matrix Θ of modality m is formulated as follows:

Θm = softmax
( 1√

dk
Gm

Q ⊙ Gm
K

)
(4.4)

where ⊙ denotes the element-wise product,
√
dk is a scaling factor.

More specifically, the modality m core tensor GK and GQ are computed using a

Linear Transform (Figure 4.3 ), as expressed below:

G
m
Q = reshape

(
(ZmW

(1)
Qm

)⊗1 (ZmW
(2)
Qm

)
)

Gm
K = reshape

(
(ZmW

(1)
Km

)⊗1 (ZmW
(2)
Km

)
) (4.5)

where m ∈ {t, a, v}, W (1)
Qm
∈ Rdm×rs,W

(2)
Qm
∈ Rdm×rw , W (1)

Km
∈ Rdm×rs,W

(2)
Km
∈ Rdm×rw

are the linear transformation matrix; ⊗1 denotes the mode-1 Khatri-Rao product.

Adaptive Feature Weighting (AFW)

This module addresses the varying impact of each modality on inter-modality and

intra-modality interactions using attention mechanism. First, we calculate the attention

pooling matrices A(m) ∈ Rrs×rw by averaging Θ(m) across the modality dimension dm,

m ∈ {t, a, v}. Inspired by MMT [100], the feature-aware attention matrix Attm ∈
RN×dm for a given modality m is computed as follows:

Attm = Linear
(
Θm ×1

3 A(t) ×1
3 A(a) ×1

3 A(v)) (4.6)

where ×1
3 is the mode− (1

3) tensor contraction.
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𝑍𝑚

Linear

Linear

reshape
𝒢(𝑚)

Figure 4.3: Linear Transform block to compute core tensor.

The feature-aware balanced representation Zf−adapt
m ∈ RN×dm of the conversation

C for a given modality m is computed as:

Zf−adapt
m = AttmZm + βZm (4.7)

where β ∈ [0, 1] is a balancing parameter to regulate the contribution of the original

unimodal feature vector Zm.

4.2.4 Adaptive Modality Weighting (AMW)

Our key focus is to achieve balanced contributions from each modality during

the training. Similar to [122], we observe the imbalance problem in multimodal ERC

through experiments analyzing the modality-wise weight in norm of each label dur-

ing training. Apparently, the dominant unimodal encoder, e.g., text, tends to have its

weight in norm increase much faster than the weaker modalities, i.e., audio and visual,

leading to divergent unimodal logit scores and distorting the joint fusion representation.

Inspired by [107, 145], we propose to incorporate modality-wise L2 normalization to

properly weight features, mitigating imbalances arising from differing data distributions

and noise levels across modalities. This dynamic adjustment prevents any single modal-

ity from dominating the fusion process, thus enhancing overall performance. Therefore,

the modality-level balanced representation Zm−adapt of the given conversation is calcu-

lated as follows:

Zm−adapt =
{t,a,v}∑

m

WmZf−adapt
m

∥Wm∥∥Zf−adapt
m ∥

+ b (4.8)

where Wm ∈ Rdm×|E| symbolizes the output matrix of the model pertaining to modality

m, and E is the set of emotion classes.

For emotion recognition, we feed Zm−adapt, into the mulilayer preceptron (MLP)
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with ReLU activation function to compute the output ŷi ∈ RN×|E|.

ŷi = MLP(Zm−adapt) (4.9)

The output ŷi is utilized to predict emotion labels.

4.2.5 Learning

First, we investigate the standard cross-entropy loss for this downstream task, i.e.,

mutilmodal ERC as:

Lcls = − 1
B

B∑
i

yilogŷi (4.10)

where B is the batch size.

Second, in order to align between the original unimodal representation of modality

m and its respective feature-aware attention weights as Eq (4.6), we employ Attention

Mapping Network as follows:

Âttm = Φm(Zm, ψ
(m)),m ∈ {t, a, v} (4.11)

where Φm(·) is a feed-forward neural network with the parameter ψ(m), Âttm ∈ RN×dm

is the feature-aware self-attention weights of the modality m. To enhance feature-level

balance across all modalities, we introduce a L1-norm loss Lfeature as:

Lfeature = 1
B

B∑
i

{t,a,v}∑
m
|Attim − Âtt

i

m|
 (4.12)

Additionally, we also consider the modality-level balance loss Lmodal, which is

computed as:

Lmodal = − 1
B

B∑
i

log eZm−adapt
i∑|E|

j=1 e
Zm−adapt

j

(4.13)

where Zm−adapt
j represents the output of the j-th class for the i-th sample.

Finally, we combine the all loss functions into a joint objective function, which is

used to optimize all trainable parameters in an end-to-end manner:

Lmain = Lmodal + Lfeature + Lcls (4.14)
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Recent studies have brought attention to the challenge of handling imbalanced op-

timization in joint learning models, particularly when dealing with multiple modali-

ties. Peng et al. [71] introduce the OGM-GE method to address optimization imbalances

encountered during the simultaneous training of dual-modal systems, i.e., visual and au-

dio. However, directly applying the OGM-GE method to our framework is not practical

as it only deals with two modalities. In contrast, our framework caters to more than two

modalities across different domains, specifically tailored for the multimodal ERC task.

Therefore, leanrable parameter of encoder layer is optimized during training process as

the following strategy:

θ
(m)
t+1 = θ

(m)
t − η.ĝ(θ(m)

t ) (4.15)

where ĝ(θmt) = 1
o

∑
x ∈ Bt∇θm

t
l(x, θ(i)

t ) represents an unbiased estimation of the full

gradient∇θm
t l(x, θ

(i)
t ) using a random mini-batch Bt chosen at the t-th step with size o.

The term ∇θm
t l(x, θ

(i)
t ) denotes the gradient with respect to Bt.

We adjust the balance of modalities through gradient parameter adjustments. For

each output at step t, we compute the discrepancy ratio for each modality using the soft-

max of the cosine similarity between the output weights and the corresponding feature

vectors:

sm
t =

L∑
j=1

E∑
k=1

Ik=yj softmax(cos⟨Wm
k ,Zm

k ⟩+ bk

M
)jk (4.16)

where Ik=yj equals 1 if k = yj and 0 otherwise, and softmax(.) estimates the unimodal

performance of the multimodal model, M denotes the count of modalities. Specifically,

for the multimodal ERC task under consideration, we delineate three modalities: text

(t), audio (a), and visual (v). The discrepancy ratio is calculated as:

ρm
t = sm

t

minm∈{t,a,v}(sj
t)

(4.17)

The learnable parameters are updated according to:

θ
(m)
t+1 = θ

(m)
t − η.ĝ(θ(m)

t ).km
t (4.18)

where the modulation coefficient km
t is defined as:

km
t =


1− tanh(α · ρm

t ), if ρm
t > 1,

1, otherwise.
(4.19)
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Algorithm 3 Ada2I Training Procedure

Require: Training set D = {(xt
i, x

a
i , x

v
i ), yi}N

i=1, m ∈ {t, a, v}
Ensure: Predicted emotion label ŷ

1: for each training epoch do
2: for minibatch B = {(xt

i, x
a
i , x

v
i ), yi}B

i=1 sampled from D do
3: # Refer to Subsection 4.2.2
4: Encode unimodal features Xm to Zm (Eq. 4.2)
5: # Refer to Subsection 4.2.3
6: Compute multimodal interaction representation (Eq. 4.3)
7: Calculate coefficient matrix Θm (Eq. 4.4)
8: Calculate modality-aware attention Attm (Eq. 4.6)
9: Fuse features to obtain Zf -adapt

m with β (Eq. 4.7)
10: # Refer to Subsection 4.2.4
11: Compute Zm-adapt with modality-wise L2 normalization (Eq. 4.8)
12: Predict label ŷi (Eq. 4.9)
13: # Refer to Subsection 4.2.5
14: Compute Lcls using cross-entropy (Eq. 4.10)
15: Compute Lfeature using L1 loss (Eq. 4.12)
16: Compute Lmodal using cross-entropy (Eq. 4.13)
17: Aggregate to obtain Lmain (Eq. 4.14)
18: Compute discrepancy ratio ρm

t = sm
t

minj∈{t,a,v} sj
t

19: Compute modulation coefficient km
t (Eq. 4.19)

20: Update parameters:
21: θ

(i)
t+1 = θ

(i)
t − η · ĝ(θ

(i)
t ) · km

t + η · h(θ(i)
t )

22: end for
23: end for

Here, α is a hyperparameter controlling the degree of modulation. Additionally, to en-

hance the adaptability of the modulation process, Gaussian noise h(θ(i)
t ) sampled from

a distribution N (0,∑sgd(θ(i)
t )) is introduced after parameter updates:

θ
(i)
t+1 = θ

(i)
t − η · ĝ(θ

(i)
t ) · ki

t + η · h(θ(i)
t ) (4.20)

Training Optimization Strategy. The training process of Ada2I is illustrated in

Algorithm 3.

In practice, each training step of Ada2I proceeds in five stages that match Algo-

rithm 3. First, the modality encoders transform the raw input features Xm into unimodal

representations Zm (encoding stage). Second, the Adaptive Feature Weighting (AFW)

module computes tensor-based multimodal interactions, derives modality-aware atten-

tion weights Attm, and produces feature-balanced representations Zf -adapt
m (lines 4–7).
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Third, the Adaptive Modality Weighting (AMW) module applies modality-wise L2 nor-

malization and re-weighting to obtain Zm-adapt and the corresponding logits (prediction

stage). Fourth, three losses Lcls, Lfeature and Lmodal are computed and aggregated into

the main objective Lmain (lines 11–15). Finally, the training optimization strategy com-

putes the discrepancy ratio ρm
t and modulation coefficient km

t for each modality, and

updates the parameters with modulated gradients and Gaussian noise.

4.2.6 Implementation

Baseline. Ada2I is compared against several state-of-the-art (SOTA) baseline approaches

for evaluating performance in multimodal ERC, particularly addressing modality imbal-

ance problems. For the IEMOCAP and MELD datasets, we consider baseline models

such as DialogueRNN [60], DialogueGCN [24], MMGCN [35], BiDDIN [137], and

MM-DFN [34]. We report the best results obtained from [114], which enhanced these

models to address modality imbalance. Additionally, we consider other SOTA models

for multimodal ERC that do not explicitly address modality imbalance, including COG-

MEN [40], CORECT [65], GraphMFT [46], DF-ERC [45], and AdaIGN [104].

For the CMU-MOSEI dataset, we evaluated various baseline models for sentiment

classification tasks, which include both 2-class sentiment, featuring only positive and

negative sentiment, and 7-class sentiment, ranging from highly negative (-3) to highly

positive (+3). These baseline models include Multilouge-Net [92], TBJE [14], COG-

MEN [40], CORECT [65], OGM-GE [71], and I2MCL [150]. Notably, OGM-GE and

I2MCL specifically address the issue of imbalanced modalities in MERC, whereas the

others do not.

Evaluation Metrics. Similar to prior studies [35, 60, 114], we evaluate the effective-

ness of emotion recognition using Accuracy (Acc) and Weighted F1 Score (W-F1) as

our primary evalucation metrics.

Hyperparametes. We derive multimodal features for each utterance from acoustic,

lexical, and visual modalities using a combination of models and pre-trained models,

as outlined in Table 4.1. We employ PyTorch3 for training our architecture on Google

Colab Pro and Comet4 for logging all experiments, leveraging its Bayesian optimizer for

3https://pytorch.org/
4https://comet.ml
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Table 4.1: Hyper-parameter settings

Parameter/Module IEMOCAP MELD CMU-MOSEI
Text Feature Extraction sBERT1

Audio Feature Extraction Wave2vec-Large [88], OpenSmile [19]
Visual Feature Extraction MTCNN [138], MA-Net2, DenseNet [36]
Text embedding dim. dt 768 768 768

Audio embedding dim. da 512 300 512
Visual embedding dim. dv 1024 342 1024

hidden dim 300 200 500
tensor rank 11 6 10

η 0.037 0.4 0.4
β 0.01 0.55 0.2

learning rate 1.7e-4 1.2e-4 1.9e-4
batch size 10 10 32

hyperparameter tuning. Additional parameters can be found in Table 4.1.

4.2.7 Results

Performance Comparison on IEMOCAP and MELD dataset. As depicted in Table

4.2, our model Ada2I performs better than the previous SOTA baselines in the context of

balanced modality consideration on all modality combinations on both IEMOCAP and

MELD dataset.

Indeed, in the (A+V) modality pair on the MELD dataset, traditionally deemed the

weakest, we observe a substantial performance boost in Multimodal ERC. Specifically,

there is a noteworthy enhancement of 10.77% on WF1 and 6.98% on Accuracy com-

pared to the previous SOTA model. This progress effectively reduces the performance

discrepancy compared to modality pairs where text plays a dominant role.

We also compare Ada2I with SOTA baseline models for multimodal ERC, partic-

ularly those focusing solely on multimodal fusion and architectural design without ad-

dressing modality imbalance. Figure 4.4b demonstrates that our proposed Ada2I signif-

icantly reduces the performance gap in WF1 between learning from all three modalities

simultaneously (T+A+V) and pair-wise modality combinations on the MELD dataset.

Most notably, with the weaker modality pair (audio+visual) consistently lagging

behind in performance compared to the full modality combination (i.e., with AdaIGN,

this gap is 23.12%), Ada2I boosts the model and shortens the gap to only 5.22%. Sim-

ilarly, with the text+audio (T+A) and text+visual (T+V) pairs, this gap is also sub-
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Table 4.2: Comparison of results in the multimodal setting of Ada2I with the modality-
balanced baseline model enhanced by FAGM [114] (denoted by †).

IEMOCAP

Methods T+A+V T+A T+V A+V
W-F1 Acc W-F1 Acc W-F1 Acc W-F1 Acc

DialogueRNN† 61.31 61.61 61.90 61.98 60.19 59.95 48.31 50.71
DialogueGCN† 62.76 63.22 64.36 64.39 61.25 62.23 49.20 49.85

BiDDIN† 58.81 58.84 58.88 58.16 59.04 58.96 46.36 46.77
MM-DFN† 64.92 64.57 63.91 64.20 61.02 60.60 54.48 55.03
MMGCN† 64.53 64.51 63.25 63.40 61.02 61.06 54.14 54.90

Ada2I (Ours) 68.97 68.76 66.91 67.28 65.48 65.43 55.16 55.64
∆(%) ↑4.05 ↑4.19 ↑2.55 ↑2.89 ↑4.23 ↑3.20 ↑0.68 ↑0.61

MELD

Methods T+A+V T+A T+V A+V
W-F1 Acc W-F1 Acc W-F1 Acc W-F1 Acc

DialogueRNN† 56.42 58.05 56.46 58.01 55.67 57.39 40.46 45.39
DialogueGCN† 54.61 58.96 54.80 57.28 55.26 57.10 10.02 44.44

BiDDIN† 57.47 59.18 56.56 58.05 56.93 58.10 44.39 48.62
MM-DFN† 55.75 60.80 57.10 60.00 57.73 60.65 42.05 48.66
MMGCN† 58.48 61.15 57.59 60.69 57.14 59.46 43.49 48.43

Ada2I (Ours) 60.38 63.03 60.08 62.64 58.62 61.95 55.16 55.64
∆(%) ↑1.90 ↑1.88 ↑2.49 ↑1.95 ↑0.89 ↑1.30 ↑10.77 ↑6.98

The best performance is indicated in bold.
The second-best performance is underlined.

stantially reduced, indicating that the model has learned in a more balanced manner,

leveraging additional useful information from non-dominant modalities. The significant

improvement is similarly observed on the IEMOCAP dataset in Figure 4.4a.

Performance Comparison on CMU-MOSEI dataset Table 4.3 shows that Ada2I

outperforms all baseline models. Specifically, when compared to OGM-GE and I2MCL,

two models proposed for addressing modality imbalance during training, Ada2I demon-

strates superior performance across all modality combinations. When compared to other

baseline models that do not consider modality balancing, Ada2I also demonstrates sig-

nificant balancing capabilities, reducing the performance gap between modality pairs.

For instance, in the CORECT model, the gap between T+A+V and A+V is 15.09% for

2-class sentiment, and this figure increases to 21.76% for 7-class sentiment. However,

with Ada2I, these gaps are significantly reduced to 10.32% and 13.07%, respectively,

underscoring the effectiveness of Ada2I in addressing modality imbalances.
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Figure 4.4: Performance gap visualizations between the multimodal setting (T+A+V)
and pair-wise modality combinations are evaluated using the W-F1 metric across the
IEMOCAP and MELD datasets.

Balancing Interpretation. We conduct ablation studies with the two main modules

of the model, AMW and AFW, to assess their impact on the Ada2I model. Addition-

ally, through the Discrepancy Ratio, we interpret the model’s balancing by observing its

changes. A smaller Discrepancy Ratio indicates a more balanced optimization process.

Figure 4.5 shows that the discrepancy ratios ρt, ρv, and ρa significantly decrease when

both AMW and AFW are combined within Ada2I, with all ratios approaching approxi-

mately 1 on the IEMOCAP dataset. In contrast, when one of the modules is ablated, the

ratios for audio (ρa) and visual (ρv) are approximately 1.5, while for text, it increases to

around 3.
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Table 4.3: Results on the CMU-MOSEI dataset.

Methods 2-class 7-class

T+A+V T+A T+V A+V T+A+V +TA T+V A+V

Multilouge-Net [92] 82.10 80.18 80.06 75.16 44.83 - - -
TBJE [14] 81.50 82.40 - - 44.40 45.50 - -

COGMEN† [40] 82.95 85.00 82.99 65.95 43.90 44.31 42.68 24.27
CORECT† [65] 83.98 84.28 82.83 68.89 46.31 44.89 43.76 24.55

I2MCL [150] 81.05 - - - - - - -
OGM-GE† [71] 84.58 84.03 83.67 71.53 45.43 43.68 44.44 31.53

Ada2I (Ours) 85.25 85.08 85.21 74.93 47.71 47.35 47.37 34.64
∆(%) ↑0.67 ↑0.08 ↑1.54 ↓0.23 ↑2.28 ↑1.85 ↑2.93 ↑3.11

The best performance is in bold. Cells with “-” indicate missing results, and † denotes results
reproduced from the code provided in the original paper.

Similarly, on the MELD dataset, our proposed model Ada2I has reduced this dis-

crepancy ratio of text from over 4 (w/o AFW) to approximately half, reaching around 2,

while for audio and visual, it brings them close to the 1 mark. In summary, the combined

design of both modules AMW and AFW enhances balanced learning across modali-

ties during training, highlighting the significance and inseparability of feature-level and

modality-level balancing.

Effect of Weight Normalization. As mentioned earlier, the unimodal weights also

directly influence the encoder updating process. The imbalanced weight components

induce gradients and subsequently lead to the inconsistent convergence of unimodalities.

Here, we provide a clearer visualization of these unimodal weights before imbalance

processing (Only Encoder) and in the Ada2I model in Figure 4.6 for the IEMOCAP

dataset. It is evident that with Only Encoder, the text encoder (dominant modality)

weight in norm grows much faster than audio and visual. After balancing, our model

exhibits a more balanced optimization process.

Effect of Module. Table 4.4 provides an ablation on the modules. AFW and AMW

are two closely linked and crucial modules in Ada2I, ensuring model stability. Fur-

thermore, Ada2I with training optimization balances the training across three modalities

(text, audio, visual), preventing the text modality from dominating the others.
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Figure 4.5: The change of the discrepancy ratio ρt, ρa, ρv on the IEMOCAP and MELD
datasets during training, along with various ablation tests including without AMW and
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Table 4.4: Ablation studies of Ada2I on AFW, AMW, and training strategy.

Modules IEMOCAP MELD
W-F1 Acc W-F1 Acc

w/o AFW 66.24(↓2.73) 65.99(↓2.77) 59.65(↓0.73) 62.45(↓0.58)
w/o AMW 66.11(↓2.86) 65.87(↓2.89) 58.87(↓1.51) 61.13(↓1.90)

w/o traning optimization 67.95(↓1.02) 68.08(↓0.68) 58.13(↓2.25) 59.92(↓3.11)
Ada2I (Ours) 68.97 68.76 60.38 63.03
↓ denotes the reduction in performance of the variants compared to Ada2I.

4.2.8 Discussion

The proposed Ada2I framework addresses modality imbalance from a representa-

tion and optimization perspective by explicitly re-balancing learning at both the feature

level and the modality level. By adaptively adjusting feature importance and modality

contributions during training, Ada2I prevents dominant modalities from overwhelming

the fusion process and encourages more equitable learning across modalities.

A key strength of Ada2I lies in its fine-grained control over learning dynamics.

Rather than relying on heuristic fusion or post-hoc reweighting, Ada2I directly modu-

lates how features and modalities participate in optimization, enabling weaker modalities

to receive sufficient gradient signals. This is particularly beneficial for MERC, where

subtle emotional cues may appear sparsely or inconsistently across modalities but remain

critical for accurate recognition. As a result, Ada2I produces more balanced and robust

multimodal representations that better capture complementary emotional information.

Nevertheless, Ada2I introduces additional architectural components and hyperpa-

rameters, which may increase training complexity and require careful tuning across

datasets. More importantly, while Ada2I effectively mitigates modality imbalance at

the representation and optimization levels, it does not explicitly regulate the order in

which training samples are presented to the model. This observation naturally motivates

a complementary perspective that focuses on training dynamics and sample scheduling,

rather than architectural re-design. As will be discussed in the next section, this moti-

vation leads to the proposed SPCL approach, which addresses modality imbalance from

an optimization-level curriculum learning viewpoint. Overall, Ada2I demonstrates that

explicitly re-balancing feature- and modality-level learning is an effective foundation for

enhancing multimodal emotion recognition in conversational settings.

116



4.3 SPCL: Leveraging Self-Paced Curriculum Learning
for Enhanced Modality Balance in Multimodal Con-
versational Emotion Recognition

Several approaches have been proposed to mitigate modality imbalance. Pre-

trained unimodal networks [15, 119] improve modality-specific feature quality but re-

quire large-scale labeled data and significant computational resources. Auxiliary learn-

ing objectives [122, 150] use additional constraints such as contrastive or self-supervised

learning to enhance modality-specific representations but often fail to generalize across

tasks. Optimization-based methods [21, 71, 114] focus on balancing gradients between

modalities, but they involve complex gradient manipulations that increase implementa-

tion difficulty and may not adapt well to diverse learning scenarios. These limitations

highlight the need for a simpler and more adaptive solution to mitigate modality imbal-

ance.

To address this challenge, we introduce a novel approach based on Self-Paced
Curriculum Learning (SPCL) [VanNTC 5]. Unlike existing gradient-based or auxiliary-

objective solutions, SPCL focuses on dynamically balancing the learning process by

progressively guiding the model from easier to harder training samples while accounting

for modality discrepancies. Our SPCL framework incorporates two key components: (1)

a Difficulty Measurer, which estimates sample complexity using both utterance-level

recognition performance and modality discrepancy scores, allowing the model to bet-

ter prioritize informative but balanced samples, and (2) a Learning Scheduler, which

adaptively refines sample selection according to the model’s learning progress, ensuring

that weaker modalities receive sufficient optimization throughout training.

By introducing these components, SPCL provides a unified and adaptive training

strategy that directly addresses modality imbalance without requiring major architectural

modifications or complex gradient operations. This design improves the stability of

multimodal learning and enhances the contributions of weaker modalities, ultimately

leading to more robust and balanced multimodal representation learning.

Figure 4.7 illustrates the overall pipeline of our approach, showcasing how the

SPCL module seamlessly integrates with existing MER models. In the following sub-

sections, we introduce our framework, which includes 2 main sub-modules: (1) Modality

Prediction, (2) Self-paced Curriculum Learning-based (SPCL) module.
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Figure 4.7: Our framework pipeline with integrated SPCL module.

4.3.1 Modality Prediction

Given a conversation C consisting of utterances {u1, u2, . . . , uN}, we employ a

modality-specific emotion prediction network to estimate unimodal prediction logits for

each utterance. For each modality m ∈ {a, t, v}, the unimodal logit of utterance ui is

computed as:

zm
i = ϕm(xm

i ; θm), (4.21)

where ϕm(·) : Rdm → R|C| denotes the unimodal prediction network for modality

m with learnable parameters θm, xm
i ∈ Rdm is the feature representation of utterance ui

in modality m, and zm
i ∈ R|C| is the corresponding unimodal logit vector.

To obtain the joint prediction for utterance ui, we adopt a simple yet effective

fusion strategy by summing the unimodal logits across modalities. The cross-modal

logit is computed as:

zjoint
i =

∑
m∈{a,t,v}

zm
i , (4.22)

where zjoint
i ∈ R|C| denotes the cross-modal logit prediction for utterance ui.

The emotion prediction loss for utterance ui is then computed based on the cross-

modal logit using the negative log-likelihood of the ground-truth label:

ℓi = − log
(
softmax(zjoint

i )yi

)
, (4.23)
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where yi ∈ C denotes the ground-truth emotion label of utterance ui, and ℓi ∈ R is the

corresponding utterance-level loss.

4.3.2 Self-paced Curriculum Learning-based Approach (SPCL)

To mitigate modality imbalance during training while improving performance on

multimodal emotion recognition, we adopt a self-paced curriculum learning strategy.

Following prior curriculum learning paradigms, SPCL organizes the training process by

gradually introducing more challenging samples. The curriculum is constructed using

two components: (1) a Difficulty Measurer that quantifies sample difficulty, and (2) a

Learning Scheduler that controls the learning pace.

Difficulty Measurer

Traditional difficulty measurers typically operate at the utterance level, treating

each utterance as an independent sample and computing a scalar difficulty score ac-

cordingly. In line with this paradigm, we adopt the utterance-level loss defined in Sec-

tion 4.3.1 as an utterance-level difficulty score, under the assumption that higher loss

indicates greater prediction uncertainty or misalignment among unimodal representa-

tions.

Specifically, for each utterance uij , we define a binary mask variable vij using a

hard regularization function g(ρij, λ):

vij = g(ρij, λ) =


1, ρij ≤ λ,

0, otherwise,
(4.24)

where ρij denotes the estimated difficulty of utterance uij and λ > 0 is a threshold

parameter that separates easy samples from hard ones.

For a given conversation Ci consisting of Ni utterances, we first compute a uni-

modal score for each modality m ∈ {a, t, v} based on the unimodal logits:

sm
i =

Ni∑
j=1

|C|∑
k=1

I(yij = k) softmax(zm
ij )k, (4.25)

where sm
i denotes the unimodal score of conversation Ci with respect to modality m, zm

ij

is the unimodal logit defined in Equation (4.21), and I(·) is the indicator function.
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Next, we quantify inter-modality discrepancy by computing the standard deviation

of unimodal scores across modalities. This statistic reflects the degree of modality imbal-

ance within a conversation: larger values indicate stronger disparities among modalities,

whereas smaller values suggest more balanced contributions. We therefore define the

conversation-level difficulty score as:

si = σ(sa
i , s

t
i, s

v
i ), (4.26)

where σ(·) denotes the standard deviation operator.

Finally, we integrate utterance-level difficulty and conversation-level modality mis-

alignment to obtain the overall difficulty of utterance uij . Specifically, we compute the

harmonic mean of the utterance loss ℓij and the conversation-level score si:

ρij = 2 si ℓij

si + ℓij
, (4.27)

where ρij ∈ R denotes the difficulty of utterance uij . The harmonic mean penalizes

extreme values and prevents either component from dominating the difficulty estimation,

ensuring that both recognition difficulty and modality imbalance are jointly considered.

Learning Scheduler

To organize training samples according to their estimated difficulty, we employ

a learning scheduler based on a hard regularization strategy. This scheduler enforces

a strictly progressive training process, where samples are either included or excluded

depending on their difficulty level ρij . In contrast to soft curriculum learning approaches

that continuously adjust sample weights [27], the hard regularizer completely excludes

difficult samples until the model becomes sufficiently capable of handling them. Such

a strict progression has been shown to promote more stable optimization and prevent

catastrophic forgetting [95].

Specifically, we define a mask value vij corresponding to utterance xij . Our vij is

retrieved using a hard regularizer g(ρij, λ) that leads to a binary weighting:

vij = g(ρij, λ) =


1 ρij ≤ λ,

0 otherwise
(4.28)

where ρij is the difficulty, and λ > 0 is a threshold parameter that acts as the boundary
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splitting easy and hard samples.

The difficulty threshold λ is initialized with a small value and gradually increased

over training epochs to progressively admit more challenging samples:

λ(t) =


ε, t = 0,

α λ(t−1), t > 0,
(4.29)

where λ(t) denotes the threshold at epoch t, ε is a small positive constant, and α > 1 is an

aging parameter that controls the learning pace. Both ε and α are selected empirically.

4.3.3 Multi-modal Learning with SPCL

In a standard multimodal emotion recognition setting, the training objective is de-

fined as the average negative log-likelihood loss over all utterances in the dataset. Let

ℓij denote the utterance-level loss for the j-th utterance in conversation Ci. The conven-

tional training objective is given by:

L = 1∑|D|
i=1Ni

|D|∑
i=1

Ni∑
j=1

ℓij, (4.30)

where
∑|D|

i=1Ni denotes the total number of utterances in the dataset.

At each training step, the parameters of the multimodal framework, including the

learnable parameters θm of the unimodal prediction networks ϕm(·), are updated via

gradient-based optimization:

θm (t+1) ← θm (t) − η ∂L
∂θm (t) , m ∈ {a, t, v}, (4.31)

where η denotes the learning rate.

With the integration of the proposed SPCL module, this training procedure is re-

fined by selectively excluding difficult samples from the loss computation. Specifically,

each utterance-level loss ℓij is modulated by a binary mask vij , which acts as a gat-

ing mechanism that controls whether a sample participates in training. The resulting

SPCL-aware training objective is defined as:

LSPCL = 1∑|D|
i=1

∑Ni
j=1 vij

|D|∑
i=1

Ni∑
j=1

vij ℓij, (4.32)
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Algorithm 4 Training a Multimodal ERC Framework with SPCL Integration
1: Input: Multimodal dataset D = {C1, C2, . . . , C|D|}
2: Initialize difficulty threshold λ← ε, aging parameter α
3: for epoch t = 1 to T do
4: for mini-batch B ⊂ D do
5: Compute unimodal logits zm

ij using Eq. (4.21)
6: Compute joint logits zjoint

ij using Eq. (4.22)
7: Compute utterance-level loss ℓij using Eq. (4.23)
8: Compute unimodal conversation scores sm

i using Eq. (4.25)
9: Compute conversation-level score si using Eq. (4.26)

10: Compute utterance difficulty ρij using Eq. (4.27)
11: Obtain sample mask vij using Eq. (4.28)
12: Compute SPCL loss LSPCL using Eq. (4.32)
13: Update model parameters by minimizing LSPCL (Eq. 4.33)
14: end for
15: Update difficulty threshold λ using Eq. (4.29)
16: end for

where
∑|D|

i=1
∑Ni

j=1 vij denotes the number of utterances selected by the curriculum at the

current training stage.

Accordingly, the parameters of the unimodal networks are updated based onLSPCL:

θm (t+1) ← θm (t) − η∂LSPCL

∂θm (t) , m ∈ {a, t, v}, (4.33)

which ensures that the model initially learns from low-difficulty, well-aligned samples

and gradually incorporates more challenging utterances as training progresses.

Overall, the whole training process is described in Algorithm 4.

4.3.4 Implementation

Datasets. We conduct experiments on two benchmark datasets for ERC task that sup-

port multi-modal, namely: IEMOCAP [9], MELD [78].

Baselines. To evaluate the robustness and stability of our proposed method, we incor-

porate it into 4 existing models for ERC task, namely: DialogueGCN [24], BiDDIN

[137], MMGCN [35], MM-DFN [34]. In particular, these models are used as our emo-

tion prediction network ϕm(·) in Equation 4.21.
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Reproducibility. SPCL is implemented using Pytorch 5, and run experiments on Google

Colab and Kaggle. We choose Adam as the optimizer. The batch size is 16 and 32 for

IEMOCAP and MELD dataset, respectively. Since each combination of baseline and

dataset have different converging rates, the hyper-parameters are tested on various set-

tings. Particularly, learning-rate is selected within the range of [0.0001, 0.0003]; hyper-

parameter ε, i.e. initial value of threshold λ, is picked from range of [0.6, 1.2]; raging

hyper-parameter α is selected from range of [1.05, 1.4]. As a plug-in training strategy,

SPCL does not introduce additional learnable parameters.

4.3.5 Results

We qualitatively analyze our proposed Self-paced Curriculum Learning-based Ap-

proach (SPCL) and the baselines on the IEMOCAP and MELD datasets. We also con-

ducted extensive experiments to prove the utility of each individual components of the

Difficulty Measurer in the ablation study section.

Analysis of Experimental Results on IEMOCAP. Table 4.5 presents a compara-

tive performance analysis of our proposed SPCL module against multiple baselines

on the IEMOCAP dataset. The results demonstrate that integrating SPCL consistently

improves weighted F1-score (w-F1) and accuracy (Acc) across all modality combina-

tions (TAV, TA, TV, AV), outperforming existing methods. The performance gap with

other imbalance-mitigation methods (∆) and the improvement over the original baseline

model without any balancing strategy (∆Base) highlight the effectiveness of SPCL.

Overall Performance Improvements: Across all baseline models, our method

achieves state-of-the-art performance, yielding the highest accuracy and weighted F1

scores, with statistically significant improvements over the strongest existing approach,

such as FAGM. Notably, our approach demonstrates substantial gains in TAV and AV

settings, where modality imbalance poses a significant challenge. Compared to the base-

line without any balancing strategy, our method consistently delivers marked perfor-

mance enhancements. In the DialogueGCN (TAV) setting, the baseline achieves 60.43%

w-F1 and 60.54% accuracy, whereas our method significantly improves these to 66.99%

w-F1 (+6.56%) and 67.03% accuracy (+6.49%). Similarly, in MM-DFN (TAV), our

method surpasses the baseline by 5.62% in w-F1 and 5.66% in accuracy. The improve-

ments are also consistent in the AV setting, where our method achieves 58.30% w-F1 and
5https://pytorch.org/
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Table 4.5: Performance comparison of baseline models with our SPCL module and other
plug-in methods on IEMOCAP.

Model TAV TA TV AV
w-F1 Acc w-F1 Acc w-F1 Acc w-F1 Acc

DialogueGCN [24]
Baseline 60.43 60.54 61.61 61.72 59.19 59.48 47.89 48.49
+ RNA loss 58.43 58.47 57.42 57.73 56.23 56.62 47.40 49.29
+ OGM-GE 57.16 57.24 59.30 59.52 55.88 56.13 43.71 44.98
+ OPM 58.89 59.72 57.02 57.55 60.48 60.54 49.80 51.76
+ FAGM 62.76 63.22 64.36 64.39 61.25 62.23 49.20 49.85
+ SPCL 66.99†

±1.03 67.03†
±0.95 65.32†

±0.99 65.46†
±1.15 64.47†

±0.21 64.46†
±0.20 57.89†

±1.00 58.59†
±0.49

∆ 4.23 3.81 0.96 1.07 3.22 2.23 8.09 6.83
∆Base 6.56 6.49 3.71 3.74 5.28 4.98 10.00 10.10

BiDDIN [137]
Baseline 58.29 58.20 58.73 58.67 58.57 57.93 45.35 46.03
+ RNA loss 58.63 58.55 58.02 57.92 57.29 57.24 42.54 44.82
+ OGM-GE 58.06 57.98 57.71 57.73 57.58 57.55 39.84 40.42
+ OPM 56.27 56.62 57.82 57.60 52.59 52.60 37.72 40.48
+ FAGM 58.81 58.84 58.88 58.16 59.04 58.96 46.36 46.77
+ SPCL 59.90†

±0.13 60.73†
±0.56 60.24†

±1.11 60.43†
±0.99 61.10†

±0.82 61.91†
±0.58 46.34±0.43 49.11†

±0.71

∆ 1.09 1.89 1.36 1.76 2.06 2.95 -0.02 2.34
∆Base 1.61 2.53 1.51 1.76 2.53 3.98 0.99 3.08

MMGCN [35]
Baseline 62.67 62.67 62.66 62.72 58.99 59.14 47.22 49.23
+ RNA loss 63.13 63.28 59.25 59.27 56.30 56.50 50.35 51.20
+ OGM-GE 62.42 62.69 62.33 62.42 58.83 59.03 51.90 53.54
+ OPM 64.60 64.10 62.30 62.70 59.70 59.60 50.60 52.00
+ FAGM 64.53 64.51 63.25 63.40 61.02 61.06 54.14 54.90
+ SPCL 67.66†

±0.57 67.71†
±0.64 66.75†

±0.42 66.51†
±0.42 65.00†

±1.05 65.09†
±1.11 53.70±0.71 54.04±0.94

∆ 3.06 3.20 3.50 3.11 3.98 4.03 -0.44 -0.86
∆Base 5.00 5.04 4.09 3.79 6.01 5.95 6.48 4.81

MM-DFN [34]
Baseline 61.54 61.72 61.98 62.12 59.78 59.93 48.42 49.11
+ RNA loss 60.23 60.49 60.18 60.41 57.74 57.92 45.63 46.32
+ OGM-GE 59.92 60.13 60.57 60.69 58.33 58.49 44.98 45.51
+ OPM 63.30 62.91 64.43 64.45 64.06 63.89 53.55 53.79
+ FAGM 63.45 63.72 63.83 63.94 61.58 61.72 50.35 51.02
+ SPCL 67.16†

±0.67 67.08†
±0.54 66.03†

±0.86 66.09†
±0.65 64.31†

±0.66 64.70†
±0.63 53.38†

±0.67 53.47†
±0.93

∆ 3.71 3.36 1.60 1.64 0.25 0.81 -0.17 -0.32
∆Base 5.62 5.36 4.05 3.97 4.53 4.77 4.96 4.36

Bold and underlined denote the best and second-best results, respectively.
∆ indicates the performance gap to the previous SOTA.

∆Base measures the improvement of SPCL over the original baseline.
† denote value with statistically significant improvements (p < 0.05) based on paired t-tests.

58.47% accuracy for DialogueGCN, representing gains of +10.41% w-F1 and +9.98%

accuracy over the baseline.

While FAGM achieves competitive performance in some cases, other methods such

as RNA loss and OGM-GE frequently result in performance degradation. For instance,

in DialogueGCN (TAV), RNA loss reduces w-F1 from 60.43% to 58.43% and accu-

racy from 60.54% to 58.47%. OGM-GE further degrades performance to 57.16% w-F1
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and 57.24% accuracy. This indicates the limitations of static regularization approaches

in handling modality imbalance. OPM yields only modest and inconsistent improve-

ments over the baseline. For instance, in MM-DFN (AV), it raises w-F1 from 53.30%

to 54.02%, yet remains 4.28% below our method’s 58.30%. This indicates that fixed

reweighting strategies like OPM are insufficient for capturing dynamic modality contri-

butions under imbalance.

These results suggest that the success of our method stems from its ability to dy-

namically adapt to the evolving learning difficulty of samples and the shifting contribu-

tions of different modalities. Unlike static or manually designed weighting schemes, our

SPCL framework leverages real-time feedback from both utterance-level performance

and conversation-level modality discrepancies. This dual-level perspective enables the

model to prioritize informative yet underrepresented modalities and to avoid overfitting

to dominant signals. As a result, the training process becomes more balanced and effec-

tive, leading to superior generalization performance across various MERC settings.

Impact on Modality Combinations: Among different modality combinations, the

TAV setting exhibits the most substantial improvements with SPCL, effectively address-

ing modality imbalance. Across models, SPCL outperforms FAGM, achieving w-F1

gains ranging from 1.17% to 3.70%, demonstrating the benefits of adaptive sample se-

lection in enhancing multimodal alignment. The TA and TV settings also experience

consistent improvements, particularly in MMGCN when integrating SPCL compared to

integrating FAGM, where accuracy increases from 63.26% to 66.15% (+2.89%), and

in MM-DFN, where it improves from 63.94% to 66.80% (+2.86%). This suggests that

SPCL effectively strengthens the interaction between textual and non-textual modalities.

The AV setting, which poses the greatest challenge due to the absence of textual

features, exhibits the most pronounced improvements. In DialogueGCN, SPCL sur-

passes FAGM, improving w-F1 from 49.20% to 57.98% and accuracy from 49.85% to

58.49%, achieving gains of 8.78% and 8.64%, respectively. Similarly, in MM-DFN,

SPCL enhances w-F1 from 50.04% to 58.30% and accuracy from 50.91% to 58.47%,

with improvements of 8.26% and 7.56%. These findings highlight the robustness of

SPCL in optimizing non-textual modality fusion, making it particularly effective in over-

coming modality imbalance.

Analysis of Experimental Results on MELD. Table 4.6 presents a comparative per-

formance analysis of our proposed SPCL module against multiple baselines on the
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Table 4.6: Performance comparison of baseline models with our SPCL module and other
plug-in methods on MELD.

Model TAV TA TV AV
w-F1 Acc w-F1 Acc w-F1 Acc w-F1 Acc

DialogueGCN [? ]
Baseline 53.11 55.08 51.99 54.22 54.22 56.07 43.54 44.54
+ RNA loss 56.65 58.47 54.21 58.35 53.78 58.12 43.64 47.32
+ OGM-GE 57.73 57.36 56.38 58.81 56.15 57.78 42.05 46.51
+ OPM 54.47 57.12 53.26 56.17 53.21 57.66 40.52 43.64
+ FAGM 54.61 58.96 54.80 57.28 55.26 57.10 40.02 44.44
+ SPCL 57.87±1.49 60.77†

±1.21 58.04±0.56 60.84±0.69 56.18±1.38 58.61†
±1.43 42.28±0.79 46.64±1.38

∆ 0.14 1.81 1.66 2.03 0.03 0.49 -1.36 -0.68
∆Base 4.76 5.69 6.05 6.62 1.96 2.54 -1.26 2.10

BiDDIN [137]
Baseline 56.41 58.54 56.23 57.85 56.46 58.06 43.07 47.35
+ RNA loss 52.18 49.16 53.21 50.31 52.59 49.43 41.05 44.60
+ OGM-GE 55.27 53.41 51.96 47.74 52.18 48.58 43.03 46.97
+ OPM 53.87 57.62 54.73 58.58 56.25 59.77 40.69 47.39
+ FAGM 57.47 59.18 56.56 58.05 56.93 58.10 44.39 48.62
+ SPCL 57.60†

±0.25 60.86†
±0.30 58.08†

±0.30 61.22†
±0.26 58.10†

±0.43 61.00†
±0.74 42.30±0.23 48.15±0.43

∆ 0.13 1.68 1.52 2.64 1.17 1.23 -2.09 -0.47
∆Base 1.19 2.32 1.85 3.37 1.64 2.94 -0.77 1.12

MMGCN [35]
Baseline 57.71 59.95 57.29 59.79 56.73 59.31 42.38 49.12
+ RNA loss 56.94 58.62 56.00 57.59 55.48 57.70 41.84 46.91
+ OGM-GE 57.59 59.92 56.80 59.77 56.20 59.08 42.20 48.81
+ OPM 55.78 57.24 56.27 59.77 55.29 59.23 42.72 47.20
+ FAGM 58.48 61.15 57.59 60.69 57.14 59.46 43.49 48.43
+ SPCL 59.11†

±0.48 61.32†
±0.48 58.93†

±0.29 61.65†
±0.39 58.14†

±1.17 60.64†
±1.81 43.79†

±0.31 49.10±0.28

∆ 0.63 0.17 1.34 0.96 1.00 1.18 0.30 -0.02
∆Base 1.40 1.37 1.64 1.86 1.41 1.33 1.41 -0.02

MM-DFN [34]
Baseline 57.52 59.90 57.11 59.47 57.46 59.68 40.04 43.91
+ RNA loss 56.02 58.20 54.13 55.59 54.13 55.59 36.39 47.54
+ OGM-GE 56.53 58.39 55.86 59.08 56.25 58.24 40.60 48.43
+ OPM 58.75 61.42 57.67 61.38 58.28 61.49 42.51 47.16
+ FAGM 57.55 60.80 57.10 60.00 57.73 60.65 42.05 48.66
+ SPCL 59.17†

±0.30 61.91†
±0.90 59.11†

±0.32 62.31†
±0.32 58.91†

±0.17 61.94†
±0.34 43.32±0.57 48.59†

±0.55

∆ 0.42 0.49 1.44 0.93 0.63 0.45 0.81 -0.07
∆Base 1.65 2.01 2.00 2.84 1.45 2.26 3.28 4.68

Bold and underlined denote the best and second-best results, respectively.
∆ indicates the performance gap to the previous SOTA.

∆Base measures the improvement of SPCL over the original baseline.
† denote value with statistically significant improvements (p < 0.05) based on paired t-tests.

MELD dataset. Similar to IEMOCAP, integrating SPCL consistently improves weighted

F1-score (w-F1) and accuracy (Acc) across all modality combinations (TAV, TA, TV,

AV), surpassing existing approaches.

Overall Performance Improvements: Our method consistently achieves the high-

est performance across all baseline models in the TAV setting, outperforming competi-

tive approaches such as FAGM. For example, in MM-DFN, with SPCL integrated, our
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method improves the weighted F1-score from 57.55% (FAGM) to 59.17% (+1.62%) and

from the baseline’s 57.52%, yielding a total gain of +1.65%. Similarly, in MMGCN,

SPCL increases the weighted F1-score from 58.48% (FAGM) to 59.11% (+0.63%) and

over the baseline’s 57.71%, achieving a total improvement of +1.40%. Across all eval-

uated models in the TAV setting, SPCL achieves an average weighted F1-score im-

provement of 0.85% over the second-best method and 2.25% over the baseline models,

demonstrating consistent effectiveness in enhancing multimodal interactions.

While FAGM remains competitive, SPCL demonstrates a more adaptive learning

strategy, particularly within transformer-based architectures. For instance, in MM-DFN

on MELD, SPCL surpasses the second-best method OPM by 0.42% in the TAV setting

(59.17% vs. 58.75%). Consistent with findings on IEMOCAP, static regularization

techniques such as RNA loss and OGM-GE often fail to deliver consistent performance

improvements. While RNA loss improves performance in certain cases (e.g., 56.65%

weighted F1-score in DialogueGCN’s TAV setting), it does not consistently achieve the

best results across different models.

However, in DialogueGCN on MELD, our method does not consistently yield su-

perior performance. In the TAV setting, SPCL achieves a weighted F1-score of 57.87%,

which is only 0.14% higher than OGM-GE (57.73%). The limited effectiveness of our

curriculum-based training on MELD may be attributed to the dataset’s shorter and more

fragmented conversational structure. As SPCL progressively introduces more complex

samples, its training schedule might not align optimally with MELD’s data distribution,

thereby limiting its potential gains within this specific architecture.

Impact of Different Modality Combinations. The performance trends across modal-

ity combinations on MELD are largely consistent with those observed on IEMOCAP,

further validating the effectiveness of our proposed approach. The TAV setting particu-

larly benefits from SPCL, as its adaptive sample selection enhances multimodal balance

and improves overall recognition performance. Additionally, the TA and TV settings

exhibit notable improvements, demonstrating the capacity of SPCL to mitigate modality

imbalance across diverse multimodal configurations.

Similar to IEMOCAP, SPCL consistently outperforms FAGM across models in

the TA, TV, and AV settings. In the TA setting, SPCL achieves weighted F1-score im-

provements ranging from 1.39% to 1.75% over FAGM, with the most pronounced gains

observed in BiDDIN (+2.08%) and MM-DFN (+2.41%) relative to the baseline. In the
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TV setting, SPCL maintains superior performance, particularly in BiDDIN (+3.54%)

and MMGCN (+2.04%) over the baseline model. For the AV setting, while the improve-

ments over competing methods are more moderate, SPCL attains the highest weighted

F1-score in MM-DFN (42.42%) and MMGCN (44.34%), with notable gains in MM-

DFN (+2.38%) compared to the baseline. These findings further reinforce the efficacy

of SPCL in addressing modality imbalance and enhancing multimodal emotion recogni-

tion in conversations.

Impact of Key Components. We conduct an ablation study to evaluate the impact of

the two key components in our Difficulty Measurer: the utterance-level score lij and

the conversation-level score si. Specifically, we systematically remove each component

from the difficulty formulation of ρij in Equation 4.27 and assess the resulting perfor-

mance, as summarized in Table 4.7.

Table 4.7: Ablation study on IEMOCAP for our proposed SPCL module.

Method TAV TA TV AV
w-F1 Acc w-F1 Acc w-F1 Acc w-F1 Acc

DialogueGCN [24] 60.43 60.54 61.61 61.72 59.19 59.48 47.89 48.49
+ SPCL (Ours) 66.99 67.03 65.32 65.46 64.47 64.46 57.89 58.59

w/o utt-score 63.11↓3.88 63.24 65.31↓0.01 65.72 63.56↓0.91 63.72 55.29↓2.60 56.13
w/o conv-score 64.59↓2.40 64.94 64.87↓0.45 65.66 63.49↓0.98 63.86 55.25↓2.64 56.06

BiDDIN [137] 58.29 58.20 58.73 58.67 58.57 57.93 45.35 46.03
+ SPCL (Ours) 59.90 60.73 59.40 60.24 61.10 61.91 46.34 49.11

w/o utt-score 57.59↓2.31 59.18 60.41↑1.01 60.59 60.67↓0.43 61.28 45.02↓1.32 48.31
w/o conv-score 58.61↓1.29 59.22 59.14↓0.26 60.46 59.48↓1.62 60.08 45.41↓0.93 48.50

MMGCN [35] 62.67 62.67 62.66 62.72 58.99 59.14 47.22 49.23
+ SPCL (Ours) 67.66 67.71 65.62 65.84 66.01 65.91 53.70 54.04

w/o utt-score 64.60↓3.06 65.05 63.89↓1.73 64.01 62.55↓3.46 62.75 50.31↓3.39 52.18
w/o conv-score 65.78↓1.88 65.85 66.02↑0.40 65.98 66.11↑0.10 66.07 52.00↓1.70 55.32

MM-DFN [34] 61.84 61.84 61.95 62.04 60.32 60.37 50.96 52.87
+ SPCL (Ours) 67.16 67.08 66.09 66.51 65.43 64.91 53.38 57.40

w/o utt-score 66.46↓0.70 66.39 65.18↓0.91 65.45 63.73↓1.70 63.94 52.11↓1.27 52.53
w/o conv-score 64.49↓2.67 64.54 65.20↓0.89 65.45 63.95↓1.48 64.29 50.93↓2.45 53.13
↓ or ↑ denotes the performance change compared to SPCL when a sub-module is ablated.

The results clearly demonstrate that these components are significantly more effec-

tive when combined. Our full SPCL module consistently outperforms all other configu-

rations across all scenarios. For instance, in the TAV setting with MMGCN, our model

achieves 67.66% w-F1 score and 67.71% accuracy, compared to 65.78% w-F1 when

removing the conversation-level score, and 64.60% w-F1 when removing the utterance-

level score, indicating the substantial contribution of both components. Similarly, in the

TA setting with DialogueGCN, omitting the utterance-level score results in a negligible

decrease from 65.32% to 65.31% w-F1, whereas removing the conversation-level score
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causes a more noticeable reduction to 64.87%.

The complementary nature of the utterance- and conversation-level difficulty mea-

sures is evident, as removing either component leads to performance drops of up to

3.06% in w-F1 score (in MMGCN, TAV setting) and 4.87% in accuracy (in MM-DFN,

AV setting). Interestingly, in certain cases, omitting one component still yields improve-

ments over the original baselines. For example, in the TV setting with BiDDIN, the

model without the conversation-level score achieves 59.48% w-F1, exceeding BiDDIN’s

original performance of 58.57%.

Curricula Expanding Rate and Hyper-parameters Tuning. We define the curricu-

lum expanding rate as the ratio of easy samples to the total samples at each training

epoch. This rate ranges between 0 and 1, where a value of 1 indicates training on the

entire dataset. However, it is not guaranteed to increase consistently unless carefully

tuned. The expanding rates of various baselines, when integrated with our module, are

illustrated in Figure 4.8. This rate is directly influenced by the tuning of ε and α, which

can be explained through the updating of λ in Equation. 4.29, and varies depending on

the baseline architecture, as different models exhibit unique sensitivity to data distribu-

tion.
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Figure 4.8: The curricula expanding rate of the four baselines integrated on IEMOCAP.

Our study on the curriculum expanding rate reveals that the best performance is

achieved when the rate maintains a consistently increasing trend, as exemplified by Di-

alogueGCN. This suggests that a gradual yet steady introduction of complex samples
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enhances the learning progression of the model. Furthermore, this expanding rate high-

lights the critical role of early training phases in shaping overall model performance.

Since hyperparameter tuning is crucial, we further investigate this by conducting

an ablation study on MMGCN and MMDFN using the IEMOCAP dataset. We experi-

ment with different hyperparameter settings and analyze their impact on the curriculum

expanding rate, as illustrated in the corresponding Table 4.8 and Figure 4.9. Our findings

indicate that ε and α are proportional to the expanding rate, meaning that the rate can be

sped up by increasing these values or slowed down by decreasing them.

Table 4.8: Performance of MMGCN and MM-DFN on IEMOCAP under different
hyper-parameter settings for our SPCL module.

Model Version ε α w-F1 (%) Acc (%)

MMGCN
v0 (best) 0.8 1.1 67.84 67.84

v1 0.4 1.1 67.19 64.02
v2 0.8 1.2 65.84 65.56

MM-DFN
v0 (best) 0.4 1.2 67.92 68.21

v1 0.8 1.2 67.45 67.80
v2 0.6 1.1 66.83 66.51
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Figure 4.9: Curricula expanding rate of MMGCN and MM-DFN under SPCL hyper-
parameters setting specified in Table 4.8.

From our experiments, we observe that each model is optimized for a specific

expanding rate. The v0 setting yields the best performance, whereas both speeding up

and slowing down (v1+v2) the expanding rate result in performance degradation. Our

intuitive explanation for this phenomenon is that if the expanding rate is too fast, weak

modalities with slower learning rates will fail to fully exploit easy samples, leading to

an unreliable starting point and degrading the training process later on. Conversely, if
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Figure 4.10: Modality ratio of the four backbones during training on IEMOCAP dataset.

the expanding rate is too slow, the model tends to overfit on easy samples and struggles

to learn from hard examples due to mismatched data distribution, ultimately resulting in

poor generalization.
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Modality Ratio. Our study aims to achieve two key objectives: (1) enhancing the

performance of tri-modal models relative to their bi-modal and uni-modal counterparts

and (2) mitigating modality imbalance during training. To further investigate the latter,

we analyze the modality ratio, which quantifies each modality’s contribution relative to

the weakest modality throughout training.

As depicted in Figure 4.10, the integration of our SPCL module effectively rein-

forces the weaker modalities across all baseline models. Specifically, we observe an

increase in the audio modality ratio by 0.2 to 0.5 and an increase of 0.15 in the vi-

sual modality ratio. Concurrently, our approach reduces the dominance of the strongest

modality—text. This effect is particularly notable in MMGCN, where the text modality

ratio decreases from 3 to 2, indicating a more balanced learning process. These findings

confirm that our method successfully addresses modality imbalance by narrowing the

gap between strong and weak modalities, ensuring a more equitable contribution from

all modalities. This balance ultimately enhances the model’s capacity to leverage mul-

timodal information effectively, leading to improved robustness and generalizability in

emotion recognition.

Analysis of Pacing Strategy. We further study alternative strategies for updating the

difficulty threshold λ by adopting the following methods: cosine pacing, moving aver-

age(MA) pacing, and competence-based(CB) pacing [75]. The exponential pacing used

in SPCL is described in Eq. 4.29, whereas the formulations of newly adopted strate-

gies are described in Table 4.9. As shown in Figure 4.11, linear pacing strategies, i.e.,

Table 4.9: Formulations of experimented pacing strategies. T and t denote total training
epoch and current training epoch, respectively.

Strategy Formulation

Cosine λ(t) = λmin + λmax−λmin
2 · (1− cos(π·t

T ))

MA λ(t) =
αλ

(t−1) + (1− α) ·∑|D|
i

∑Ni
j ρij if t < t0

max ρij if t ≥ t0

CB
ct = min

1,

√√√√t1− c2
0

T
+ c2

0


λ(t) = Quantile(ρij, ct)

exponential and cosine pacing, yield smoother updates of λ. In contrast, the two non-

linear strategies, where λ is adaptively updated with regards to sample difficulty ρij ,

exhibit larger fluctuations, particularly under competence-based pacing. Consequently,
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Figure 4.11: Curricula expanding rate and respective threshold value of MMGCN on
MELD under different pacing strategies.

linear pacing results in a smoother curriculum expansion, indicating a more stable in-

troduction of new samples. Table 4.10 further shows that exponential and cosine pacing

achieve better overall performance. These results highlight the importance of selecting

an appropriate pacing strategy to ensure stable curriculum progression.

Table 4.10: Performance comparison of MMGCN and MM-DFN on IEMOCAP and
MELD dataset using different pacing strategies.

Strategy
IEMOCAP MELD

MMGCN MM-DFN MMGCN MM-DFN
w-F1 Acc w-F1 Acc w-F1 Acc w-F1 Acc

Exponential 67.84 68.02 67.92 68.21 59.35 61.72 59.14 62.07
Cosine 65.47 65.00 67.63 67.53 58.10 61.23 57.06 61.11
MA 62.63 62.91 67.55 67.34 57.78 60.77 56.46 57.78
CB 63.80 63.52 66.68 66.42 58.71 62.34 58.44 60.61

The best and second-best performances for each dataset and backbone are
highlighted in bold and underline.

Analysis of Regularization Strategy. We conducted a comprehensive comparison be-

tween our proposed hard regularizer and two alternative soft regularization strategies,

namely the Linear and Logistic regularizers. The implementations of these soft regular-

izers follow the closed-form formulations described in [110].

As shown in Table 4.11 and illustrated in Figure 4.12, the hard regularizer consis-

tently achieves superior or at least comparable performance across all evaluated back-

bones. For example, in the MMGCN model on the IEMOCAP dataset, the hard regular-

izer attains a weighted F1-score of 67.84%, outperforming both the Linear (65.20%) and

Logistic (65.98%) regularizers. A similar trend is observed on the MELD dataset, where
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the hard regularizer achieves a weighted F1-score of 59.35% in MMGCN, surpassing the

Linear (58.43%) and Logistic (59.02%) alternatives.

Beyond accuracy, the hard regularizer also leads to more stable performance across

modalities, contributing to reducing the discrepancy caused by modality imbalance.

These findings confirm that a hard regularization strategy is more effective for our dual

objectives: improving overall model performance and managing modality imbalance in

MERC.

Table 4.11: Performance comparison of four backbone models on IEMOCAP and
MELD datasets using different types of regularizers for the learning scheduler.

Regularizer MMGCN DialogueGCN BiDDIN MM-DFN
w-F1 Acc w-F1 Acc w-F1 Acc w-F1 Acc

IEMOCAP
Hard Regularizer 67.84 68.02 66.46 66.61 59.98 60.07 67.92 68.21
Soft Linear 65.20 65.13 64.87 64.70 56.77 57.18 65.94 65.80
Soft Logistic 65.98 66.17 67.14 67.41 58.16 59.52 64.79 64.88

MELD
Hard Regularizer 59.35 61.72 55.37 60.38 57.76 60.50 59.14 62.07
Soft Linear 58.43 60.73 54.55 60.12 57.64 59.62 57.64 59.62
Soft Logistic 59.02 61.17 56.07 60.84 56.94 59.72 58.27 61.26

The best performance for each dataset and backbone is highlighted in bold.

4.3.6 Discussion

The proposed Self-Paced Curriculum Learning-based approach (SPCL) addresses

modality imbalance from an optimization perspective, without modifying the underlying

multimodal architecture. This design is particularly suitable for MERC, where the rela-

tive reliability of text, audio, and visual modalities varies substantially across utterances

and conversations. By progressively introducing training samples from easier and more

modality-aligned instances to harder and more imbalanced ones, SPCL stabilizes early-

stage optimization and mitigates the tendency of dominant modalities, such as text, to

drive the learning process.

A key strength of SPCL lies in its difficulty measurer, which jointly considers

utterance-level recognition loss and conversation-level modality misalignment. The

latter captures dialogue-level discrepancies among unimodal predictions, which natu-

rally arise in MERC due to emotional dynamics and heterogeneous signal quality across

speakers and turns. By combining these two factors through the harmonic mean, SPCL

avoids biasing the curriculum toward either recognition difficulty or modality discrep-
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Figure 4.12: Modality ratio of the four backbones during training on IEMOCAP dataset
using different types of regularizer for the Learning Scheduler.

ancy alone, resulting in a more balanced and robust sample scheduling strategy.

From a practical perspective, SPCL retains a plug-and-play property: it does not in-

troduce additional learnable parameters and incurs no extra inference cost. Empirically,
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integrating SPCL into MMGCN increases the training time on MELD by approximately

10 seconds per epoch (batch size 32), indicating that the benefits of improved learning

stability are achieved with only modest computational overhead.

Nevertheless, SPCL relies on a hard sample selection mechanism, which may de-

lay the utilization of informative but difficult samples, particularly in the early training

stages. Moreover, its dependence on unimodal confidence estimates can be sensitive

when unimodal predictions are unreliable. These limitations point to promising future

directions, such as soft weighting schemes or adaptive curriculum schedules.

Overall, SPCL demonstrates that explicitly regulating training dynamics through

self-paced curriculum learning is an effective and model-agnostic strategy for alleviating

modality imbalance in multimodal emotion recognition.
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4.4 Chapter Summary

This chapter addresses Objective O2 of the dissertation by systematically investi-

gating balanced multimodal learning for MERC under modality imbalance. Rather than

assuming uniformly informative modalities, the proposed approaches explicitly account

for the uneven and dynamic nature of multimodal signals in conversational settings.

Specifically, Ada2I and SPCL address modality imbalance from complementary

perspectives. Ada2I focuses on representation-level re-balancing by regulating feature-

and modality-level learning dynamics, while SPCL operates at the optimization level by

stabilizing training through difficulty-aware curriculum scheduling. As summarized in

Table 4.12, the two approaches are effective under different imbalance scenarios and can

be viewed as complementary rather than competing strategies.

Extensive experiments on benchmark MERC datasets demonstrate that both ap-

proaches consistently improve robustness and generalization under imbalanced mul-

timodal conditions. Collectively, this chapter establishes a coherent MERC-oriented

framework for understanding and addressing modality imbalance, laying the foundation

for subsequent investigations into robustness and generalization in multimodal affective

learning.

Learning Intervention Axis Ada2I SPCL

Feature-level representation
calibration ✓ –
Modality-level contribution
regulation ✓ –
Utterance- & conversation-level
difficulty control – ✓

Curriculum-based
optimization scheduling – ✓

Primary target of imbalance Representation bias Optimization instability
Model dependency Architecture-aware Architecture-agnostic
Training overhead Moderate Negligible

Table 4.12: Comparison of Ada2I and SPCL from the perspective of their primary learn-
ing intervention axes in MERC.
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Conclusion and Future Work

This dissertation presents works into MERC, addressing both the modeling of

multimodal conversational understanding and the robustness of learning under realis-

tic low-quality data conditions. Rather than treating these challenges in isolation, the

dissertation adopts a progressive research framework that connects multimodal fusion,

conversational context modeling, and robust learning dynamics within a unified method-

ological scope.

Summary of Contributions. To achieve Objective O1, this dissertation investigates

how multimodal representations and conversational context should be modeled for effec-

tive emotion recognition in dialogue. Specifically, CORECT addresses RQ1 by introduc-

ing a relational-temporal graph-based framework that enables context-aware multimodal

fusion while preserving modality-specific representations. Building upon this founda-

tion, MultiDAG+CL addresses RQ2 by further examining how temporal and speaker-

dependent conversational dependencies should be learned under varying levels of dia-

logue complexity, through directed acyclic graph modeling and curriculum-based opti-

mization. Together, these methods establish a principled approach to multimodal fusion

and contextual reasoning in conversational emotion recognition.

To fulfill Objective O2, the dissertation further extends the investigation to MERC

under practical low-quality data conditions. Mi-CGA addresses RQ3 by enabling ro-

bust multimodal fusion when one or more modalities are missing, through graph-based

information propagation and cross-modal reasoning. In addition, Ada2I and SPCL ad-

dress RQ4 by regulating modality imbalance from complementary perspectives: Ada2I

focuses on representation-level re-balancing of modality contributions, while SPCL sta-

bilizes learning dynamics through curriculum-based optimization. Collectively, these

methods provide a coherent framework for improving the robustness and stability of

MERC models in realistic conversational settings.
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Limitations. Despite the effectiveness of the proposed approaches, several limitations

remain. First, many methods rely on predefined conversational structures or modality

availability assumptions, which may restrict flexibility in highly spontaneous, noisy, or

open-domain conversational scenarios. Second, graph construction strategies and cur-

riculum design depend on heuristic or dataset-specific criteria, and their effectiveness

may vary across domains. Third, experimental evaluations are primarily conducted on

benchmark datasets, and further validation in large-scale, real-world conversational sys-

tems is necessary to assess scalability and deployment feasibility.

Future Work. These limitations suggest several promising directions for future re-

search. Potential extensions include adaptive graph construction and curriculum strate-

gies that dynamically respond to conversational complexity, tighter integration of fu-

sion and robustness mechanisms within unified learning frameworks, and exploration of

MERC in broader conversational intelligence tasks such as empathetic dialogue systems

and human-AI interaction. Investigating scalable and trustworthy MERC models for

real-world deployment also remains an important avenue for future work.

Overall, this dissertation advances the understanding of MERC by providing a

unified and progressive research framework that connects multimodal fusion, conver-

sational modeling, and robustness under low-quality data conditions. The proposed

methodologies contribute toward the development of reliable, context-aware, and prac-

tically applicable multimodal emotion recognition systems.
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