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MULTICAUSENET temporal
attention for multimodal emotion
cause pair extraction

Ma Junchil, Hassan Nazeer Chaudhry?, Farzana Kulsoom?, Yang Guihua?, Sajid Ullah Khan*,
Sujit Biswas’"™", Zahid Ullah Khan®"" & Faheem Khan®

In the realm of emotion recognition, understanding the intricate relationships between emotions

and their underlying causes remains a significant challenge. This paper presents MultiCauseNet, a
novel framework designed to effectively extract emotion-cause pairs by leveraging multimodal data,
including text, audio, and video. The proposed approach integrates advanced multimodal feature
extraction techniques with attention mechanisms to enhance the understanding of emotional
contexts. The key text, audio, and video features are extracted using BERT, Wav2Vec, and Vision
transformers (ViTs), which are then employed to construct a comprehensive multimodal graph.

The graph encodes the relationships between emotions and potential causes, and Graph Attention
Networks (GATs) are used to weigh and prioritize relevant features across the modalities. To further
improve performance, Transformers are employed to model intra-modal and inter-modal dependencies
through self-attention and cross-attention mechanisms. This enables a more robust multimodal
information fusion, capturing the global context of emotional interactions. This dynamic attention
mechanism enables MultiCauseNet to capture complex interactions between emotional triggers

and causes, improving extraction accuracy. Experiments on emotion benchmark datasets, including
IEMOCAP and MELD achieved a WFI score of 73.02 and 53.67 respectively. The results for cause pair
analysis are evaluated on ECF and ConvECPE with a Cause recognition F1 score of 65.12 and 84.51, and
a Pair extraction F1 score of 55.12 and 51.34.

Keywords Emotion-cause pair extraction, Multimodal emotion recognition, Graph attention networks
(GATs), Vision transformers (ViTs), Transformers and attention mechanisms, Feature fusion, Multimodal
graphs, Self and cross attention, Emotion triggers

In recent years, understanding human emotions has gained increasing attention across multiple domains.
Emotion recognition has evolved from merely identifying feelings to analyzing their complexities, intricacies, and
causal relationships with specific triggers!. The ability to link emotions with their corresponding causes-termed
emotion—cause pair extraction-has substantial implications in various applications, such as sentiment analysis,
social media monitoring, and mental health assessment. To understand emotion-cause Pair Extraction consider
ascenario in which a user posts a message on social media expressing sadness after watching a particular film. An
emotion—cause pair extraction system could identify the emotion (“sadness”) and link it to the cause (“watching
a film”). This capability not only aids in understanding the user’s emotional state but also the reasons behind
it. Another example is a user who shares their experience of feeling overwhelmed during a job interview. An
emotion—cause extraction system would capture the emotion (“overwhelmed”) and the cause (“job interview”).
As a third example, we will use a visual description. Figure 1 illustrates a sequence of events involving five
utterances, each represented by an image at the top. These utterances correspond to emotional responses that
evolve throughout the interaction. Utterance 1 shows a moment of joy, with the characters appearing happy.
In Utterance 2, the emotional tone shifts to surprise, as one of the characters reacts unexpectedly. The emotion
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Fig. 1. Example of cause analysis.

returns to joy in Utterances 3 and 4, with the characters exhibiting positive feelings. However, in Utterance 5,
there is a shift to disgust, as one of the characters expresses a negative reaction. Below the emotional labels for
each utterance, a chain of causal relationships between the utterances is shown. These utterances are labelled U1
through U5 and connected by arrows, indicating the progression of emotions. Utterance 1, which is linked to
joy, causes the surprise seen in Utterance 2. This surprise, in turn, leads to a joyful response in Utterance 3. The
joy continues into Utterance 4, showing a flow of positive emotions.

However, this emotional flow is broken in Utterance 5, where the emotion shifts to disgust. The arrows
connecting the emotions, such as joy, surprise, and disgust, highlight the way one emotional state triggers the
next. For example, the surprise experienced in Utterance 2 leads to a joyful reaction in Utterances 3 and 4,
before finally transitioning to disgust in Utterance 5. This causal structure represents the dynamic nature of
emotional interactions in a conversation, showing how emotions influence one another as the dialogue unfolds.
The overall figure demonstrates how different utterances cause shifts in emotional states, contributing to the
unfolding emotional narrative.

The emotion extraction could be done using a single modality such as image, text and video, or a combination
of these or more modalities®. The distinction between single and multiple modalities in emotion recognition
is critical. Single-modality approaches typically focus on one form of data, such as text or audio, to identify
emotions. While these methods can yield useful insights, they often fall short of capturing the full complexity
of human emotions. For example, relying solely on textual data may miss vital emotional cues present in tone
or facial expressions®. Conversely, multiple modalities offer a more holistic view of emotional expressions. By
integrating data from various sources, researchers can construct a comprehensive understanding of emotions.
For instance, a study by4 successfully combined audio, visual, and textual features to enhance emotion
recognition performance, demonstrating the efficacy of multimodal approaches. However, the integration
of multiple modalities poses its challenges, including the need for effective feature extraction, alignment of
temporal sequences, the handling of missing or noisy data across different modalities and having images of low
quality>®. These challenges necessitate advanced methodologies capable of addressing the complexities inherent
in multimodal data. Human emotions are inherently multimodal, manifested not just through spoken or written
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words but also through tone, body language, facial expressions, and contextual cues from video content. As a
result, leveraging multimodal data is essential for capturing the richness of emotional expressions.

Traditional approaches often focus on isolated modalities, neglecting the temporal relationships that
interconnect these inputs. Consequently, there is a significant gap in the literature regarding integrating
multiple modalities for effective emotion—cause pair extraction. Despite advancements in emotion recognition,
several challenges hinder effective emotion-cause pair extraction. Firstly, the inherent subjectivity of emotions
complicates the development of robust models capable of generalizing across diverse contexts and individual
differences. Emotions are often nuanced and context-dependent, making it challenging to establish clear causal
relationships. For instance, what elicits joy in one individual may evoke sadness in another, depending on their
unique experiences and perspectives. Secondly, existing methodologies frequently rely on a single modality,
which limits their effectiveness. For instance, textual analysis alone may not capture the full spectrum of
emotional expression, as tone and context are equally significant. This limitation is particularly pronounced
in dynamic settings, where real-time interactions necessitate a comprehensive understanding of multiple
modalities. A singular focus on one modality can lead to incomplete analyses, as it ignores the potential
contributions of other forms of data. Thirdly, the temporal aspect of emotions further complicates the extraction
process. Emotions are not static; they evolve, influenced by preceding events and ongoing stimuli. As such,
capturing the temporal relationships between different modalities is essential for accurately linking emotions
with their causes. Fourthly, image quality is very important for correct extraction of cause and emotions’. There
is rich literature on image quality inspection which could be employed to assess the quality of the image before
cause or emotion could be determined®1°.

Traditional machine-learning approaches often fail to account for these temporal dynamics, leading to
incomplete or misleading conclusions. The motivation behind this research stems from the understanding that
emotions are complex constructs influenced by various factors, including situational context and individual
differences. For instance, a person’s emotional reaction to a film scene may depend on both the auditory
cues (e.g., background music) and visual elements (e.g., facial expressions of characters). Furthermore, the
context in which these cues are presented plays a critical role in shaping emotional responses. Therefore,
an integrated approach that considers the interplay between text, audio, and video is crucial for accurately
identifying emotions and their causes. This integration can provide a more nuanced understanding of emotional
experiences, facilitating insights that are often lost in unidimensional analyses. Moreover, the significance of
emotion-cause pair extraction extends beyond academic interest; it holds practical implications for industries
such as marketing, where understanding customer emotions can lead to more effective strategies, and
healthcare, where emotional assessments can enhance patient care. For example, in mental health assessments,
accurately identifying emotions can inform therapeutic approaches, leading to improved patient outcomes. By
elucidating the triggers of emotions, we can foster a deeper understanding of human behaviour and improve
decision-making processes in various fields. Several studies have focused on emotion recognition, utilizing
various methodologies and datasets. Early works primarily relied on traditional machine learning techniques,
such as support vector machines (SVM) and hidden Markov models (HMM), for emotion classification based
on textual data. For example,'! explored the use of lexical features in the text to identify emotions, while!?
demonstrated the effectiveness of HMM for recognizing emotions in speech. With the advent of deep learning,
significant advancements have been made in this field. Convolutional Neural Networks (CNNs) and Recurrent
Neural Networks (RNNs) have been widely adopted for emotion recognition tasks.!* proposed a deep learning
framework combining CNNs and LSTMs to extract features from both text and audio for emotion classification.

Recent advancements in transformer architectures have also significantly influenced emotion recognition
tasks. Models such as BERT and its variations have demonstrated state-of-the-art performance in various natural
language processing tasks, including emotion detection'®. Furthermore, the integration of transformers with
audio and visual modalities has shown promise in capturing the contextual relationships essential for emotion-
cause pair extraction.

In addressing these challenges, this paper proposes a novel technique that leverages attention mechanisms
and graph-based representations to enhance multimodal emotion—cause pair extraction. The proposed system
integrates text, audio, and video inputs to construct a comprehensive graph representation that captures emotions’
relationships and potential triggers. The process begins with multimodal feature extraction, where contextual
embeddings for text, audio, and video are generated using state-of-the-art models such as BERT, Wav2Vec,
and Vision Transformers (ViT). BERT' has been extensively used for text representation, capturing contextual
information effectively. Wav2Vec!® excels in audio feature extraction by leveraging self-supervised learning to
model acoustic representations. Similarly, Vision Transformers!® have shown promising results in extracting
visual features from video data. These embeddings are then employed to construct a multimodal graph, where
vertices represent key features across modalities, and edges encode the relationships between emotions and their
potential causes. The graph structure represents complex interconnections between different emotional triggers,
enhancing the model’s ability to capture the nuanced relationships inherent in human emotions. Subsequently,
we employ Graph Attention Networks (GAT) to facilitate the emotion-cause pairing process. GATs leverage
attention mechanisms to assign different weights to the vertices in the graph, enabling the model to focus
on the most relevant features while accounting for the temporal relationships inherent in multimodal data.
This dynamic attention mechanism enhances the model’s ability to adaptively learn from the data, leading to
improved performance in emotion—cause pair extraction.

The resultant framework not only enhances the accuracy of emotion-cause pair extraction but also provides
valuable insights into the contextual interplay between emotions and their triggers. By effectively capturing the
relationships among different modalities, our proposed technique aims to bridge the existing gap in the literature
and advance the field of emotion recognition. In conclusion, this research contributes to the growing body of
knowledge in the field of emotion recognition by introducing a robust and integrative approach to emotion-
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cause pair extraction. Through the application of multimodal inputs and advanced attention mechanisms, we
aim to advance the understanding of emotions and their complexities in real-world scenarios. By elucidating
the triggers of emotions, we hope to pave the way for future research and applications in this vital area of
study. Furthermore, our findings underscore the necessity of developing more sophisticated models that can
handle the intricacies of human emotions in dynamic environments. This research lays the groundwork for
further exploration in emotion recognition and highlights the potential for transformative applications in
various sectors, including mental health, marketing, and human-computer interaction, where understanding
emotional nuances is essential for fostering positive experiences and outcomes. The objectives of this work are to
develop a novel multimodal framework for emotion-cause pair extraction by integrating text, audio, and video
features using advanced models such as BERT, Wav2Vec, and ViT. The proposed approach aims to construct a
multimodal graph representation that effectively models the relationships between emotions and their causes.
By introducing a temporal attention mechanism and leveraging GATs, this research seeks to align multimodal
features over time, enhance dynamic feature linking, and capture complex dependencies between emotional
states and triggers. Additionally, the study aims to demonstrate the superiority of the proposed method through
a comprehensive evaluation of benchmark datasets, contributing to the field by setting a new benchmark for
emotion-cause pair extraction.
To summarize, our key contributions are:

« We propose a novel multimodal framework for emotion-cause pair extraction, integrating text, audio, and
video features using BERT, Wav2Vec, and ViT. A multimodal graph representation models emotion-cause
relationships, with vertices for modality-specific features and edges capturing their interactions.

o We introduce a temporal attention mechanism that aligns multimodal features over time, enabling the model
to account for the evolving nature of emotions and their causes across different modalities.

o We integrate GATs for dynamic attention-weighted feature linking and combine Transformers for global con-
text with GATSs for local relational modelling, enabling enhanced intra-modal and inter-modal fusion. This
unified architecture effectively captures complex dependencies between emotions and their causes.

« We provide a comprehensive analysis of the temporal and contextual dynamics of emotions, showing how the
model captures emotion evolution and the intricate dependencies between emotional states and their causes,
setting a new benchmark for future research in this domain.

« Evaluated on IEMOCAP and MELD, our framework outperforms existing methods by leveraging multi-
modal strengths. It also captures temporal and contextual emotion dynamics, setting a new benchmark for
emotion-cause extraction.

Section “Related work” presents existing literature and state of the art; Section “Proposed Technique” describes
the proposed technique. Section “Results and performance evaluation”, presents the experimental setup and
discusses the results. Finally, Section “Conclusions” concludes.

Related work

This section presents the related work to multimodal emotion recognition and cause pair analysis. Section
“Multimodal emotion recognition” provides a brief introduction to multimodal emotion recognition. Section
“Emotion cause pair extraction” explains research work related to cause pair analysis. The last Section “Benchmark
state of art” provides a short introduction to research work used as a bench mark in the results section.

Multimodal emotion recognition

MERC can be categorized into three primary groups: multimodal fusion, context-aware models, and studies
integrating external knowledge. The first group focuses on fusion representations. Some works, such as Hu et
al.?%? and Joshi et al.**, employ graph neural networks to model the inter- and intra-dependencies of utterance
information. Additionally, other studies propose cross-attention Transformers® to capture cross-modality
interactions. In addressing context incorporation, Sun et al.*?, Li et al.*3, and Ghosal et al.** construct graph
structures to represent contextual information and model inter-utterance dependencies. Furthermore, Mao et
al.* introduce the concept of emotion dynamics to effectively capture context. The final group includes advanced
MERC studies that integrate external knowledge. These studies utilize techniques such as transfer learning>3,
commonsense knowledge®, multi-task learning®®, and external information® to provide auxiliary information,
enhancing the model’s understanding of conversations.

Emotion cause pair extraction

With the growing trend of extending various NLP tasks to the multimodal domain®#°-*3, Wang et al.**
introduced the concept of MECPE and created the Emotion-Cause-in-Friends (ECF) dataset, which is derived
from the MELD dataset*. In addition, Li et al.** developed a multimodal dataset for English conversational
emotion—cause pair extraction, leveraging the IEMOCAP dataset*®. The primary objective of MECPE is to
determine the cause of utterances corresponding to a given emotion utterance, thereby generating pairs of
utterances. Despite the recent emergence of MECPE as a research area, there is a limited number of baseline
methods available. In earlier works, Wang et al.** and Li et al.*° established baseline approaches by integrating
multimodal features to address the MECPE task. Although these studies broadened the scope of emotion-cause
pair extraction to a multimodal context, they primarily adapted existing baseline methods designed for text-
based emotion-cause extraction, neglecting the critical roles of inter-utterance context and multimodal fusion
in effectively understanding emotional causation.
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Benchmark state of art

Table 1 provides an overview of various baseline methods employed in emotion recognition, particularly
contrasting these with the proposed MultiCauseNet model. Each method showcases distinct deep learning
techniques, datasets utilized, and notable aspects that contribute to the field of emotion recognition. The
DialogueGCN method employs GCNs to capture the interrelations among dialogue turns. By leveraging the
structural properties of graphs, this approach enhances the contextual understanding of emotional exchanges
within conversations. Utilizing the IEMOCAP dataset, this method is effective in discerning the nuances of
emotional expression by mapping relationships between various dialogue participants. Similarly, DialogueRNN
leverages RNNs to encapsulate the sequential dynamics inherent in dialogue. Its implementation across both the
IEMOCAP and MELD datasets signifies its robustness in managing diverse dialogue structures. This capability
is crucial for tracking emotional transitions and reactions throughout conversations, thereby providing a richer
analysis of emotional development over time.

In addition, MMGCN adopts a Multimodal GCN to enhance recognition capabilities for emotions such as
sadness and excitement. By integrating multimodal features, this method addresses the complexity of emotional
detection, demonstrating improved performance across various emotional categories through the incorporation
of diverse input types, including audio and visual data. The IterativeERC method introduces an iterative
refinement process, allowing for continuous improvement of predictions through feedback mechanisms. This
approach highlights the significance of adaptive learning in dynamic dialogue contexts, enhancing the model’s
understanding and responsiveness to emotional cues effectively. The QMNN showcases an innovative blend
of quantum computing and machine learning, utilizing quantum-inspired techniques to bolster multimodal
integration. By effectively merging different modalities, this method expands the scope of emotion recognition,
suggesting that advanced computational frameworks can significantly enhance the efficacy of emotion detection
systems. On the other hand, employing a Deep Fusion Network, MM-DEN addresses the challenges associated
with recognizing complex emotional expressions. This method’s focus on the fusion of multimodal information
emphasizes the necessity of combining various data sources to attain a comprehensive understanding of
emotional states, which are often multifaceted.

Further, the MVN method implements a multi-view approach to extract a range of emotional signals. By
analyzing data from diverse perspectives, this technique enhances the model’s ability to recognize emotions
across varying contexts, indicating the benefits of adopting a holistic view in emotional analysis. Utilizing
self-supervised learning, UniMSE unifies multimodal strategies, minimizing the dependence on extensive
labelled datasets. This approach is vital for scaling emotion recognition systems, as it facilitates learning from
unstructured data while maintaining high performance and accuracy. Moreover, the EmoCaps method is
dedicated to detecting nuanced emotional expressions, utilizing various techniques across multiple datasets.
This focus on subtle emotional cues is crucial, as they often convey significant information that might be
overlooked by conventional emotion recognition systems. The GA2MIF method enhances emotion recognition
by merging facial expressions with contextual information. This dual-focus approach fosters a comprehensive
understanding of emotional cues, which is essential for applications demanding high accuracy in emotional
detection, such as in social interactions and mental health monitoring. The MALN excels in recognizing multiple
emotions simultaneously through a Multimodal Learning Network. This capability to process and integrate
diverse information sources effectively positions this method as a significant advancement in the field, catering
to the complexities of human emotional expression. Finally, MultiEMO emphasizes the detection of sadness,
employing advanced methodologies that improve recognition accuracy within multimodal frameworks. This
targeted approach underscores the growing necessity for emotion recognition systems to deeply understand
specific emotional states, particularly in sensitive applications like mental health monitoring.

Proposed technique
This section describes the proposed technique for multimodal emotion-cause pair extraction, which leverages
various state-of-the-art models to process and integrate information from different modalities. The approach

Method (year) Deep learning technique Dataset Notable aspects

DialogueGCN (2019)'7 | Graph Convolutional Network (GCN) | IEMOCAP Models interrelations among dialogue turns
DialogueRNN (2019)'® | Recurrent Neural Network (RNN) IEMOCAP, MELD | Captures sequential dynamics of dialogue
MMGCN (2019)"° Multimodal GCN IEMOCAP Enhances recognition for Sadness and Excitement
IterativeERC (2020)%° Tterative Method IEMOCAP Refines predictions through multiple iterations
QMNN (2021)*! Quantum-Inspired Techniques Various Integrates techniques across modalities
MM-DEN (2022)* Deep Fusion Network IEMOCAP Addresses complex emotional expressions
MVN (2022)% Multi-View Approach Various Extracts diverse emotional signals

UniMSE (2022)* Self-Supervised Learning Various Unified multimodal strategy

EmoCaps (2022)? Various Various Detects nuanced emotional expressions
GA2MIF (2023)* Facial and Contextual Info Various Enhances emotion recognition

MALN (2023)% Multimodal Learning Network Various Excels in recognizing multiple emotions
MultiEMO (2023)% Advanced Methodology Various Excels in detecting Sad emotions

Table 1. Benchmarking MultiCauseNet against baseline methods.
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is structured into multiple stages, starting from feature extraction to final emotion-cause pair identification,
and each stage plays a critical role in achieving robust performance across modalities. The first section
“Multimodal feature extraction”, discusses the extraction of features from three modalities: text, audio, and
video. Each modality’s independent features are then aligned and integrated for subsequent stages of analysis.
Following feature extraction, the next stage, detailed in Section “Feature fusion using transformers”, focuses on
the fusion of multimodal features using attention mechanisms. The fusion process combines intra-modal and
inter-modal dependencies, enabling the model to represent complex relationships across text, audio, and video
modalities. The self-attention mechanism captures intra-modal dependencies, while cross-attention manages
the integration of inter-modal features, leading to a unified feature representation suitable for downstream tasks.
In Section “Emotion—cause pair extraction with graph attention networks”, we introduce the use of GATs for
emotion—cause pair extraction. In this stage, the multimodal feature representations are transformed into graph
structures, where each node represents a specific segment of data. The GATSs are then employed to model the
dependencies between these nodes, allowing the system to capture relational information across the multimodal
inputs. This mechanism enhances the model’s ability to extract emotion-cause pairs by focusing on interactions
between different segments of data within and across modalities. Section “Transformer and GAT Hybrid for
Emotion-Cause Detection” describes a hybrid approach combining Transformer architectures with GATs.
Transformers contribute global contextual understanding by modelling dependencies between input tokens
using self-attention, while GATs enhance the model’s capability to focus on local relational information between
graph nodes. This hybrid approach benefits from the complementary strengths of both architectures, leading
to improved performance in emotion-cause detection. Finally, Section “Combining outputs using attention
mechanism” presents a mechanism to combine the outputs of the Transformer and GAT models using attention.
This combination ensures that the most relevant features from both models are dynamically weighted and
integrated. A hierarchical structure is adopted to process the outputs from each model independently, followed
by merging them using an attention mechanism. This step ensures that the final output captures both the global
and local dependencies essential for detecting emotion—cause pairs effectively.

Multimodal feature extraction

This sub-section describes our approach to extracting features from multiple modalities: text, audio, and video.
Each modality is processed independently to capture relevant information before alignment and integration
for further analysis. In Section “Text processing” features are extracted from text using BERT (Bidirectional
Encoder Representations from Transformers), for audio in Section “Audio processing” we have employed
Wav2Vec. Finally in Section “Video processing”, ViT is used for feature extraction from video. In this subsection,
we have assumed that all extracted features converge, the proof of this is provided in the Annexure (Lemma 1,
Transformer Feature Extraction Convergence), and can be read for further understanding.

Text processing

In our approach, textual data is processed using pre-trained transformer models such as BERT'. The primary
objective of text processing is to extract rich contextual embeddings that encode the semantics of the input
sentences while maintaining temporal coherence. Let the input text be represented as a sequence of words or
tokens:

X ={x1,22,%3,...,Zn} (1)

Where x; represents the i-th token in the sequence, and n is the total number of tokens. Each token is then
passed through a BERT model to obtain contextual embeddings. Specifically, for each token x;, we derive a
hidden state h; from the BERT model, such that:

hi = BERT(z;, X) )

Where h; € R? and d is the dimension of the embedding space. The function BERT (z;, X) encodes the token
x; in the context of the entire sequence X, utilizing the self-attention mechanism inherent to transformer
architectures. BERT employs a multi-head self-attention mechanism that allows the model to focus on different
parts of the sentence simultaneously. The self-attention score for token x; attending to token x; is computed as:

(hiWQ)(thK)T>

N ®)

Attention(x;, x;) = softmax (

Where W and Wi are learned projection matrices that project the hidden states h; and h; into query and key
vectors, respectively, and dx is the dimension of these vectors. The attention mechanism dynamically weighs
the importance of different tokens in the sequence. After applying multi-head attention across the sequence, the
model outputs contextual embeddings:

H:{h1,h27h3,...,hn} (4)
Where H € R™* represents the matrix of contextual embeddings for the entire sequence.
Audio processing

In our approach, audio data is processed using pre-trained models such as Wav2Vec. The objective is to extract
meaningful features from raw audio signals, which are critical for capturing the nuances of spoken content,
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including emotional and prosodic variations. Let the raw audio signal be represented as a continuous time-
domain signal:

A(t) ={a1,az2,as,...,ar} 5)

Where A(t) is the audio waveform sampled at time ¢, and 7" represents the total number of time steps in the
signal. Each sample a; corresponds to the amplitude of the audio signal at time step ¢;. The Wav2Vec model is
used to extract high-level audio features from raw waveforms. Initially, the input waveform is segmented into
overlapping frames using a sliding window approach, with each frame containing a fixed number of samples.
Let f; € R” represent the i-th frame, where & is the window size. Thus, the audio signal can be segmented as:

A(t) = {f1,f2,f3,...,f1} ©)

Where T is the total number of frames. Each frame f; is then passed through the convolutional layers of the
Wav2Vec model to capture local features. The output of the convolutional layers, z;, represents the latent speech
representation at frame i, given by:

z; = ConvLayers(f;) (7)

Where 7; € R?, and d is the dimensionality of the latent feature space. These features capture both phonetic and
prosodic information from the audio frames. Wav2Vec employs a multi-layer transformer architecture to learn
contextualized representations from the latent features z;. For each frame i, the transformer processes the latent
feature z; along with its neighbouring frames to capture temporal dependencies. Let H = {hy, hs,..., hn}
represent the sequence of hidden states from the transformer:

h; = TransformerLayer(z;, zi—1, . - ., Zi+k) 8)

Where each h; € R encodes the contextual information for frame i, considering both past and future frames
within a context window of size k. The self-attention mechanism in the transformer computes attention scores
between different frames to determine the contribution of each frame to the contextual representation. For two
frames ¢ and j, the attention score is computed as:

)

. ) T
Attention(i, j) = softmax (WW>

Vdy,

Where W and Wi are learnable projection matrices for the query and key vectors, and dy, is the dimension of
these vectors. The attention mechanism dynamically weighs the importance of different frames based on their
relevance to the target frame. The output from the transformer’s final layer is a sequence of contextualized audio
embeddings:

H' = {h},h},... hiy} (10)

Where H' € RV*? represents the audio embeddings that capture both local frame-level features and long-
range temporal dependencies. These embeddings are then passed to the downstream tasks, such as emotion and
cause extraction, allowing the model to integrate the audio modality effectively with other modalities like text
and video.
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Input: Textinput X = {x1,x2,...,%,}
Audio signal A(r) = {ay,az,...,ar}
Video sequence V = {F|,Fs,...,Fr}
Output: Extracted multimodal features Hrext, HAudios HvVideo
1 Step 1: Text Feature Extraction (using BERT)
Initialize tokenized input X’ = Tokenize(X)
for each token x; € X’ do

2 L Compute hidden state 4; using BERT (Equation 2)

w

Obtain contextual embeddings Hrexe = {h1,h2,...,hn}

Step 2: Audio Feature Extraction (using Wav2Vec)
Segment audio signal into frames A’ = Segment(A(r)) using Equation 5
for each frame a; € A’ do

5 \; Compute latent representation z; using convolutional layers (Equation 7)

S

Process latent feature z; through transformer layer (Equation 8)

6 Obtain contextual embeddings Hagio based on Equation 10
Step 3: Video Feature Extraction (using ViT)
Represent video as a sequence of frames V' = {A,F,... ,FT}
for each frame F; € V' do
8 Divide frame into patches P; = Patch(F;) using Equation 12
Flatten patches to generate embeddings (Equation 13)
Concatenate patch embeddings for frame F;: E; (Equation 14)
Add positional encoding and process through Vision Transformer (Equation 15)

=

9 Obtain contextual patch embeddings Hvigeo = {Hyip, Hyir» - - -, Hibip } (Equation 16)
10 Return extracted multimodal features Hrext, HAudio, HVideo

Algorithm 1. Multimodal feature extraction for text, audio, and video.

Video processing

To extract meaningful visual features from video frames, we utilize ViTs. These transformers operate on image
patches, processing temporal and spatial relationships within the video to capture both frame-wise and sequence-
based information. Let the video be represented as a sequence of frames:

V={FR,F,..., Fr} (11)
Where F; is the i-th video frame, and T is the total number of frames. Each frame F; € RF*XWx*¢ represents

an image with height H, width W, and C color channels. Each video frame F; is divided into non-overlapping
patches of fixed size p X p, yielding a sequence of image patches:

Fi:{p17p27"'7pk} (12)

Where p; € RP*PX © represents the j-th patch, and k = :2W is the total number of patches per frame. These

patches are then flattened into 1D vectors, producing patch embeddings:
e; = Flatten(p,) (13)
Where e; € RP #xc represents the flattened patch embedding. The patch embeddings for each frame F; can be
concatenated to form a sequence of embeddings:
E; ={ei,ea,... e} (14)
Where E; € RFX(®*XC)_ These embeddings are then augmented with positional encodings to retain spatial

information before being fed into the ViT.
The input to the ViT can be expressed as:

Xvir=E;+P (15)
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Fig. 2. Multimedia feature extraction.

Where P represents the positional encoding matrix. The Vision Transformer employs a self-attention mechanism
similar to that of text transformers, allowing it to learn relationships between different patches in a frame as well
as across frames in a video sequence as depicted in Figure 2. The output of the ViT for frame ¢ can be denoted as:

Hiyir = VIT(Xvir) (16)

Where Hir;r € R¥*? represents the contextualized patch embeddings. In Algorithm 1 multimodal feature
extraction for text, audio and video is summarized.

Feature fusion using transformers

Feature fusion is a pivotal process in multi-modal learning, aimed at effectively combining diverse feature sets
to enhance the model’s overall performance. Transformers, with their robust self-attention and cross-attention
mechanisms, excel in capturing complex dependencies both within individual feature sets and across different
modalities. This section elaborates on a novel approach to feature fusion utilizing these attention mechanisms.

Input feature representation
Let Fr e RM x4, Fuy € R™2X9%2  and Fy € R™3%93 represent the text, audio, and video feature sets,
respectively. Here, n1, n2, and n3 denote the number of feature vectors, while d1, d2, and d3 indicate their
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respective dimensions. The goal of feature fusion is to generate a unified representation Frysea € R™*%, where
n = n1 + n2 + na3 and d is the selected dimensionality for the fused representation.

To achieve this, we first project the feature sets into a common-dimensional space. Let W € R %4,
Wa € R2%% and Wy € R%*? be the projection matrices. The projected features are computed as follows:

Ffr =FrWyp, Fy=FasWa, Fy, =FyWy 17)
Where F/, € R"*4, F’, € R"2*? and F}, € R"s*¢ represent the transformed feature sets.

Self-attention mechanism

The self-attention mechanism is fundamental in transformers, allowing the model to weigh the importance of
different feature vectors within the same modality. Given a query matrix Q, a key matrix K, and a value matrix
V derived from the same set of features, the attention scores are computed as follows:

.
Aseir = softmax (CZ\I/{E) (18)

Where A € R™*™ is the attention matrix, and d is the dimension of the features used for scaling as shown in
Figure 3. The output of the self-attention layer is then obtained by:
Oself =AV (19)

This mechanism enables the model to capture relationships and dependencies among different features in the
same modality, thus enhancing the representational power of the feature set.

Cross-attention for inter-modal fusion
In addition to self-attention, cross-attention can be employed to fuse features from different modalities. For
instance, let Q be derived from the text features F/ while K and V are derived from the audio features F’:
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Fig. 3. Self attention.
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-
Across = softmax <Q\I/<& ) (20)

The output of the cross-attention layer is given by:

Ocross = AcrossV (21)

In this case, the model learns how to align the textual features with the audio features, allowing for a better
representation of the underlying relationships across modalities as shown in Figure 4. This process can be
similarly applied for audio and video, or text and video pairs, creating a rich, interconnected representation.

Feature aggregation
To aggregate the outputs from both self-attention and cross-attention, we concatenate the results:

Ocombined = Concat(oselﬁ Ocross) (22)

This combined output is then passed through a feed-forward neural network (FFN):

Fiused = LayerNorm (Ocombined + FFN(Ocombined)) (23)

The FFN is defined as follows:
FFN(X) = ReLU(XW1 + b1)Wa2 + by (29)
Where W; € R¥%hidden and Wy € R%idden X4 5pe the weights of the FFN, and b1 and by are the bias terms.
This structure allows for the learned representations to be fine-tuned further, ensuring that the combined

features are both coherent and informative for downstream tasks. Through these mechanisms, the proposed
approach effectively captures both intra-modal dependencies via self-attention and inter-modal relationships

W'T—b(?d—FT WA—>?4—FA WV—)?d—FV
Fr Fy Fy

__________________________________
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Fig. 4. Cross attention.
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through cross-attention, thereby enriching the fused feature representation for improved performance in multi-
modal tasks.

Emotion-cause pair extraction with graph attention networks

Emotion-cause pair extraction is a key task in understanding the underlying triggers of emotions. This task is
particularly challenging when dealing with multi-modal data (e.g., text, audio, video). To tackle this complexity,
GATs can be employed to capture relationships between different segments of input data. GATs can model
dependencies between nodes in a graph, using an attention mechanism to weigh the relevance of connections
between nodes. In this subsection, we describe the use of GATs for modelling interactions between multi-modal
data segments and how these interactions can help extract emotion-cause pairs. We have used the node stability
assumption for embedding without proofing it, the formal proof of it can be found in the Annexure of the paper
(Lemma 2, GAT Node Embedding Stability). We have also assumed that the attention scores are normalized
which is proved in the Annexure of the paper (Lemma 3, Attention Score Normalization).

Graph construction

After fusing multi-modal features (combining text, audio, and video data), we construct a graph to represent
relationships between these features. In this graph, nodes correspond to different segments of the input, such as
words in text, frames in video, or segments of audio. The edges represent relationships between these segments,
such as syntactic dependencies, temporal proximity, or semantic similarity. Let the input multi-modal features
be represented as:

X ={z1,z2,..., 20}, (25)

where z; is the feature vector corresponding to the i-th segment of input data. These features are derived from
text, audio, and video modalities.
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1: Input:

2. Text features: Fy € R >4

3: Audio features: Fy € R2*%

4: Video features: Fy € R™*43

s: Projection matrices: Wy € R4*4 W, € R%2x4 W, ¢ R¥*d
6: Output:

7: Fused features: Fyygeq € R4

8: Steps:

9: 1. Project Feature Sets into Common Space:
10:  Compute the projected features:

F,, F,, F, (Eq.17)

11: 2. Self-Attention Mechanism:
12:  For each modality (e.g., text):

13: SetQ=F,, K=F,, V=F;
14: Compute attention scores using Ag,; s using Eq. 18.
15: Compute self-attention output:

Ogeif = AV

16: 3. Cross-Attention for Inter-Modal Fusion:
172 SetQ=F;, K=F,,V=F),
18:  Compute cross-attention scores:

Across  (Eq. 20)

19:  Compute cross-attention output:
Ocross = Across V

20: 4. Aggregate Outputs:
21:  Concatenate self-attention and cross-attention outputs:

Ocombined = Concat(oself s Ocross)

22: 5. Feed-Forward Neural Network (FFN):
23:  Apply Layer Normalization and FFN to obtain

Fruea (Eq. 23)

24:  Define the FFN:

FFN(X) (Eq. 24)

Algorithm 2. Feature fusion using transformers.

The input data is represented as a graph G = (V, E), where V = {v1,va,...,vn} are the nodes, and
E C V x V are the edges between nodes. The adjacency matrix A encodes the edges:

Ay = { 1 if there is an edge between v; and vy, (26)

0 otherwise.

The graph captures both temporal and syntactic relationships across modalities.
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GAT; for emotion—cause pairing

Once the graph is constructed, GATs are used to model the interactions between different segments. Each node
represents a candidate for either an emotion or a cause. The attention mechanism in GATs allows the model to
focus on the most important connections between nodes, learning which nodes (i.e., emotions and causes) are
related. For each node v;, the feature vector h; is updated based on its neighbors v;. The attention score «;;
between node v; and its neighbor v; is computed as:

exp (LeakyReLU (a' [Wh; || Wh;]))
Zng(i) exp (LeakyReLU (aT [Wh; || Whg]))’

Clij = (27)

Where a is a learnable attention vector, W is a learnable weight matrix, and [- || -] represents concatenation.
The softmax function ensures that attention scores c;; are normalized across all neighbours of the node v;.
The node’s feature vector h; is updated by aggregating its neighbours’ features, weighted by the attention scores:

h; =0 Z OtijWhj 5 (28)
JEN(3)

Where o (+) is a non-linear activation function, such as ReLU.

Emotion-cause relationship extraction

The attention mechanism in GATs is used to calculate the relevance of each node in the graph to potential
emotions or causes. Let v; represent an emotion node and v; represent a cause node. If the attention score o; jis
above a certain threshold 7, the pair (v;, v;) is considered an emotion-cause pair:

(e,¢) = {(vi,v)) | aij > 7}, (29)

Where 7 is the threshold for significant attention scores. The relationships may span across different modalities.
For example, an emotion detected from the text may be caused by an event captured in a video. GATs model
these cross-modal relationships by allowing edges between nodes representing different modalities. GATs enable
the incorporation of both temporal and syntactic relationships. For example, in video data, the cause of an
emotion may occur several frames before the emotion is expressed. Similarly, in text, syntactic dependencies can
be modelled between words. The adjacency matrix A can thus be modified to account for these relationships:

0 otherwise. (30)

Ay = { 1 if nodes v;, v;temporally/ syntactically related,
By constructing a graph of multi-modal input data and using GATs, we can effectively model relationships
between segments and identify emotion-cause pairs. The attention mechanism in GATs allows selective focus
on the most important connections, leading to accurate emotion-cause pair extraction. Incorporating both
temporal and syntactic relationships allows for a comprehensive understanding of emotion-cause dependencies.
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Input:
Multi-modal input data: X = {xy,x2,...,%,}
Threshold: 7
Output:
Extracted emotion-cause pairs: (e, ¢)
Steps:
1. Graph Construction:
Fuse multi-modal features (text, audio, video) to obtain feature vectors X:

P DN R LD

X = {FT7FA3FV}

9:  Construct graph G = (V,E) where V = {v{,v2,...,v,} and E are the edges A = [A;}].
10:  Modify A to include temporal and syntactic relationships between segments A — A.
11: 2. GAT-based Feature Update:

12: for each node v; € V do

13: Compute attention scores ¢;; for neighbors v; € .47(i) using (Eq. 27).
14: Update node feature &} by aggregating features from neighbors using (Eq. 28).
15: end for

16: 3. Emotion-Cause Pair Extraction:
17: for each pair of nodes (v;,v;) do
18:  if v; is an emotion node and v; is a cause node then

19: if o;; > 7 then

20 Mark (v;,v;) as an emotion-cause pair
21: end if

22:  endif

23: end for

24: 4. Output:
25: Return all emotion-cause pairs (e,c) = {(v;,v;)| 0 > T}:

P={(vi,v;) | a;>rt} (Eq.29)

Algorithm 3. Emotion-cause pair extraction using GATs.

Transformer and GAT Hybrid for emotion—cause detection

The integration of Transformer architectures with GATs provides a powerful framework for detecting emotion-
cause pairs within multi-modal data. This hybrid approach leverages the strengths of both architectures: the
global context understanding of Transformers and the localized relational modelling of GATs. In this section,
we outline how this combination can be effectively utilized for emotion-cause detection, focusing on the
mathematical formulations involved in both components. Transformers utilize self-attention mechanisms to
model dependencies between input tokens, allowing for the capture of contextual information regardless of
their positions. Given a sequence of input embeddings E = {e1,e2,...,e,}, the self-attention mechanism
computes the attention scores A as follows:

(i)

exp i

n Qi K Z ’
k=1 P\ g,
Where Q;, K, and Vj represent the query, key, and value embeddings for the i-th and j-th tokens respectively,

and dy, is the dimension of the key vectors. The output of the self-attention mechanism for each input embedding
can be calculated as:

Ay = (31)

Output, = Y Ay;Vj. (32)
j=1
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This mechanism allows the Transformer to focus on relevant tokens within the input sequence, which is crucial
for understanding emotions in context. In our hybrid architecture, after obtaining the contextual embeddings
from the Transformer, we can construct a graph similar to the previous sections. The transformed embeddings
H ={h1,ha,...,hn} from the Transformer are utilized as the initial node features for GAT processing.
Each node v; in the graph corresponds to a transformed embedding &, which is then updated based on the
relationships defined by the graph structure. The attention scores a;; between nodes v; and v; can be computed
using the updated feature vectors h; and h:

exp (LeakyReLU (a” [Whj || Wh}]))
> ken(s exP (LeakyReLU (aT [Wh; || Wh]))"

Qij = (33)

This formula integrates the learned representations from the Transformer into the GAT framework, allowing the
model to focus on the most relevant interactions between segments.

18:
: for each node pair (v;,v;) do
20:
21:

22:
23:

® N U AW =

: Input:
: Sequence of input embeddings E = {ey,ez,...,e,}, Threshold ©
: Output:
: Extracted emotion-cause pairs (e, ¢)
Steps:
: 1. Transformer Self-Attention:
: for each token e; in the input sequence E do
Compute the attention score A;; for each token pair (e;,¢;) using the self-attention mechanism in Equation (31). Where
0i, Kj, and V; are the query, key, and value embeddings, and dy is the key vector dimension.
Compute the output of the self-attention mechanism for each input embedding e; as in Equation (32):
n
Output; = ZAijVj
j=1
: end for

: 2. GAT Processing:
: Use the transformed embeddings H = {hj,hy,...,h,} from the Transformer as node features for GAT.
: for each node v; in the graph do

Compute the attention score @;; between nodes v; and v; using the GAT mechanism from Equation (33).

: end for
: 3. Joint Training:
: Compute the total loss L using Equation (34):

L = Lyransformer + ;LLGAT

4. Emotion-Cause Pair Extraction:

if o;; > 7 then
Identify the emotion-cause pair (e,c) using Equation (35):

(e;c) ={(vi,vj) | &tij > 7}

end if
end for

Algorithm 4. Transformer and GAT hybrid for emotion-cause detection.

Joint training for emotion—cause detection
To optimize the detection of emotion-cause pairs, we employ a joint training strategy. The overall loss L can be
formulated as a combination of two losses: the loss from the Transformer and the GAT loss, given by:

L = Litransformer + ALGAT: (34)

Where A is a hyperparameter that balances the contributions of both components. The Transformer loss
Ltranstormer can be derived from cross-entropy based on the predicted emotional states, while the GAT loss
Lgat can be based on the accuracy of the detected emotion—cause pairs.
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The emotion—cause relationship extraction follows a similar approach to that described previously. Given the
output of the GAT, if the attention score av;; exceeds a threshold 7, the pairs can be identified:

(e,¢) = {(vs,v5) | aiij > T} (35)

This framework allows for a robust model capable of processing complex dependencies across different
modalities, ultimately improving the performance of emotion—cause pair detection. By integrating Transformers
with GATSs, we enhance the capability of emotion-cause detection systems to leverage both global contextual
relationships and local node interactions. This hybrid model facilitates a deeper understanding of how emotions
are triggered by various causes, making it an effective solution for multi-modal emotion analysis.

: Input:
: Output:

Steps:

© ® N U AW N~

. end for

: Sequence of input embeddings E = {e1,ez,...,e,}
: Combined output Heompined, Extracted emotion-cause pairs (e, ¢)
: 1. Transformer Processing:

: for each token ¢; in the input sequence E do
Compute the output embeddings Hiransformer = {H, :

2 n i
Hanstormers - - » Hiransformer ;. USing the Transformer model.

transformer’

10: 2. GAT Processing:

: Use the embeddings Hansformer @S nNode features for the GAT.

12: for each node v; in the graph do
13:  Compute node embeddings Hgar = {Hé AT,H(Z} AT - HGar } using the GAT model.

14: end for

15: 3. Attention Score Calculation:
16: for each output H{, o imer i Hiransformer dO
17 Compute the attention scores ¢; using (Equation 37).

18: end for

19: 4. Combined Output Calculation:

20: Compute the combined output Heompined using (Equation 39).

21: 5. Hierarchical Structure Processing:

22: Process each output through feed-forward layers, calculate Hiansformer (Equation 40) and Hgat (Equation 41).
23: 6. Final Merging:

24: Combine processed outputs using attention:

. rocessed rocessed
Hcombined = Attentlon(Hp HgAT ) (42)

transformer’

25: 7. Emotion-Cause Pair Extraction:

26: for each node pair (v;,v;) do

27 if o > 7 then

28: Identify the emotion-cause pair (e,c) using:

29:  end if
30: end for

(e,c) = {(V,’,Vj) ‘ a,-j > T}

Algorithm 5. Combining outputs using attention mechanism.

Combining outputs using attention mechanism

In our proposed hybrid framework, we integrate the outputs from the Transformer and GAT using a final
attention mechanism. This mechanism dynamically assigns weights to the outputs from both components,
allowing the model to prioritize the most relevant information for emotion-cause detection. The combined
output Hcombined is defined as follows:

Hombined = Attention(Htransformery HGAT) (36)

In the above equation, we have assumed the correctness and optimality of weighted output can be seen from
Lemma 4 and 5 of Annexure. To compute the combined representation, we first calculate the attention scores «;
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for each component’s output. The scores reflect the relevance of the i-th output from the Transformer concerning
the GAT output:

1
€xp (Score(Htransformer ) HGAT))

n < J
Zj:l €xXp (bcore(Htransformer’ HGAT))

o = (37)

Where the scoring function score(+) can be defined as the dot product between the i-th Transformer output and
the GAT output, expressed as:

7 1
Score(Htransformerv HGAT) = Htransformer . HGAT (38)

Using these attention scores, we can weight the outputs of both the Transformer and GAT as follows:
Hcombined = Z a’thiransformer + Z(l - aj)Hg}AT (39)
i=1 i=1

This formulation ensures that Hcombined captures the most pertinent features from both modalities, enhancing
the model’s capacity to identify emotion-cause pairs effectively.

Hierarchical structure

Incorporating a hierarchical structure into our framework further enriches the output combination process. This
structure enables independent processing of the Transformer and GAT outputs before merging them. We have
assumed that emotion causes a pair to converge proof can be seen in (Lemma 10, Convergence of emotion-cause
Detection), similarly, the Uniqueness of the emotion pair is assumed (Lemma 8, Uniqueness of emotion-cause
Pair extraction). We define the hierarchical processing as follows:

1. **Independent Processing**: Each output is passed through separate feed-forward layers, which can be de-
fined mathematically as:

processed  __
transformer — U(WtransformerHtransformer + btransformer) (40)
rocessed
HE 3™ = o(WearHaar + bear) (41)

Where W and b are the weights and biases for each layer, and o is an activation function such as ReLU.

2. **Merging**: After processing, the outputs are combined using the attention mechanism:

. ssed sed
Heombinea = Attention(Hy 50 o Hoar ) (42)
By adopting both the attention mechanism and a hierarchical structure, our model becomes increasingly robust,

effectively integrating the global contextual information from the Transformer with the localized relational
insights provided by the GAT.

The figure 5 represents a hybrid architecture for emotion cause extraction, combining a Transformer Block and
GAT Block. The architecture is designed to capture both sequential dependencies (through the Transformer)
and graph-based relational information (via the GAT). The bottom part of the figure represents the transformer
Block, it processes the input sequence of emotion words (€1, €2, €3, . .., €x). Each emotion word is embedded
into a vector space and processed through an attention mechanism, which computes interactions between word
vectors using query, key, and value matrices.

o Attention mechanism: The attention mechanism assigns different weights to each word in the sequence
based on their relevance to the current word, this is achieved by computing attention scores.

« Normalization and feed-forward: After calculating the attention-weighted sum of the values, the output is
normalized and passed through a feed-forward neural network.

The Transformer block produces hidden representations (hi, hz, hs, ..., hy) corresponding to each input
emotion word. The GAT block is given in the middle of the figure, after obtaining the hidden representations
from the Transformer, these are fed into the GAT block.

« Self-attention in GAT: Each node in the graph (i.e., each hidden representation h;) computes attention
scores with its neighbouring nodes.

« Feature aggregation: Once the attention scores (cv;;) are computed, the features of neighbouring nodes are
aggregated in a weighted sum, where the weights are given by the attention scores. This allows each node to
incorporate information from its neighbours.
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Joint Loss Calculation I = Lyvensformer + A * Lgar q Extract pairs (¢, c) where oy > T
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Fig. 5. Emotion cause extraction.

The GAT block produces an updated set of hidden representations (hy, kY, hs, ..., he), which capture both
the node features and their relational information from the graph structure. Finally, the top section of the figure
shows Joint Loss Calculation, the architecture employs a joint loss function that combines the losses from both
the Transformer block (Lransformer) and the GAT block (Lgat). The overall loss is a weighted sum of these
two components, with a weight factor \. Based on the attention coefficients (c;;), pairs of emotion terms (e;, c;)
are extracted if their attention weight exceeds a predefined threshold (7).
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In summary, the proposed hybrid framework for emotion-cause detection combines Transformers and
GATs to enhance the detection of emotion-cause pairs in multi-modal data. The integration of these models
allows for leveraging both global contextual relationships and local node interactions, improving the system’s
performance in complex multi-modal emotion analysis tasks. The framework utilizes a joint training strategy
that combines the losses from both the Transformer and GAT components. A hyperparameter is employed
to balance the contributions of these two losses. The Transformer loss is derived from cross-entropy based on
the predicted emotional states, while the GAT loss evaluates the accuracy of detected emotion-cause pairs.
This approach ensures that the model is not only learning to identify emotions but also effectively establishing
relationships between emotions and their causes. emotion-cause relationship extraction is achieved by analyzing
attention scores from the GAT output. If the attention score exceeds a specific threshold, the corresponding
pairs are identified as emotion-cause pairs. This method provides a systematic approach to extracting relevant
pairs, allowing the model to handle complex dependencies and improve its accuracy in identifying how
emotions are triggered by specific causes. An essential part of this hybrid model is the attention mechanism
used to combine outputs from the Transformer and GAT components. The attention mechanism dynamically
assigns weights to outputs from both models, prioritizing the most relevant information for emotion-cause
detection. The combined output is computed through an attention-based weighting process, which considers
the relevance of each component’s outputs. This weighted combination enhances the model’s ability to detect
emotion-cause pairs effectively. The proposed framework also incorporates a hierarchical structure, enriching
the output combination process. The hierarchical processing involves independently processing outputs from
the Transformer and GAT through separate feed-forward layers. These processed outputs are then merged using
the attention mechanism, resulting in a robust final output that integrates both global and local information. The
model’s hierarchical structure allows for independent processing of the Transformer and GAT outputs before
merging. Each output is passed through feed-forward layers, applying activation functions to produce processed
representations. The merging process uses the attention mechanism to combine the independently processed
outputs, strengthening the model’s capacity to integrate global contextual information from the Transformer
with the localized relational insights from the GAT. The figure illustrating the architecture shows how the model
processes the input sequence of emotion words through the Transformer Block. This block captures sequential
dependencies using an attention mechanism that computes interactions between word vectors using query, key,
and value matrices. The attention mechanism assigns weights to words based on their relevance, normalizes
the output, and processes it through a feed-forward neural network, resulting in hidden representations for
each input word. The GAT Block takes the hidden representations from the Transformer Block and applies
self-attention to compute scores with neighbouring nodes. It aggregates features of neighbouring nodes using
a weighted sum where the weights are derived from attention scores. This aggregation allows each node to
incorporate relational information from the graph structure, enhancing the representation of node features. The
joint loss calculation in the architecture uses a combination of the Transformer and GAT losses. The overall loss
is a weighted sum of these components, governed by a weighting factor. The architecture extracts emotion-cause
pairs based on attention coefficients, selecting pairs whose attention weights exceed a predefined threshold. This
method ensures that the model effectively identifies relevant emotion-cause pairs, contributing to a deeper
understanding of how emotions are influenced by various causes. The hybrid model’s design is particularly
well-suited for multi-modal emotion analysis, offering a versatile and powerful approach to detecting complex
emotion-cause relationships. By combining the strengths of Transformers and GATSs, the model achieves a robust
balance between capturing sequential dependencies and leveraging relational insights, leading to improved
performance in identifying emotion-cause pairs across different modalities.

Results and performance evaluation

This section presents the overall result and performance of the proposed system and compares it with the state
of the art. Section “Datasets” discusses the datasets used in this study and the data distribution. The second
Section “Performance metrics” provides evaluation metrics for the assessment of results. The third Section
“Baseline” provides a baseline for the evaluation of the evaluations. The results are provided in two subsections,
emotion detection experimental results are presented in Section “Emotion detection results discussion and SOA
comparison” and for cause pair extraction results are given in Section “Analysis of confusion matrices”. A more
detailed analysis of the result is given in Section “Emotion cause pair extraction results” which is a confusion
matrix, while the ablation study is presented in Section “Ablation study”.

Datasets

Our experiments utilized two benchmark datasets for emotion recognition: the Multimodal EmotionLines
Dataset (MELD)* and the Interactive Emotional Dyadic Motion Capture Database (IEMOCAP)*. MELD
(Multimodal EmotionLines Dataset), consists of conversations from the TV show Friends, annotated with
emotions in multiple modalities (text, audio, and visual). This dataset not only provides a rich resource for
training and evaluating multimodal emotion recognition systems but also highlights the importance of contextual
understanding in emotional analysis. The second dataset is CMU-MOSEI (Multimodal Opinion Sentiment
and Emotion Intensity), which offers a diverse range of sentences annotated for sentiment and emotion across
different modalities. MELD consists of 13,707 conversation clips, where each clip is annotated with one of six
emotion labels: joy, sadness, fear, anger, surprise, and disgust. This dataset has been widely used in multimodal
emotion recognition tasks due to its large size and inclusion of various emotions. On the other hand, IEMOCAP
contains 7,532 samples, each annotated with one of six emotion categories: happiness, sadness, anger, neutral,
excitement, and frustration. This dataset focuses on dyadic interactions and is specifically designed for emotion
recognition in human dialogue. The dataset is split into 80/20 training and testing, having 1506 and 2741 for
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testing on IEMOCAP and MELD respectively. Figure 6 shows the distribution of IEMOCAP and MELD for
different emotion classes.

We employed two additional datasets for cause-effect pair extraction tasks: ConvECPE and ECFE. The ECF
dataset contains 151 dialogues comprising 7,433 utterances, making it a valuable resource for exploring cause-
effect relations in conversational data.

Performance metrics

The performance of our model is evaluated using two primary metrics: accuracy (ACC) and weighted F1-
score (WF1) for the Multimodal Emotion Recognition Classification (MERC) task, which were also employed
by previous studies'®17223, In particular, WF1 is used as a more balanced evaluation metric to account for
class imbalance. The WF1 score is computed by weighting the F1 scores of individual classes according to the
proportion of samples in each class. The formula used to compute the WF1 is as follows:

" /class count;
Fl1= — x F1;
W E_: ( total count | ) (43)

In this equation, F'1; represents the F1 score for class ¢, class count; is the number of instances in class 4,
total count refers to the total number of instances across all classes, and n is the number of classes. For the
Emotion Cause Pair Extraction (ECPE) task on the ECF and ConvECPE datasets, we employ precision (P), recall
(R), and F1-score as the evaluation metrics. Precision measures the correctness of predictions, recall measures
how well the model identifies all relevant instances, and the F1-score is the harmonic mean of precision and
recall, balancing both metrics.

Baseline

In this study, we benchmark our proposed method, MultiCauseNet, against several prominent approaches in
emotion recognition, as shown in Table 2. These baseline methods incorporate a variety of architectures and
techniques, each aiming to improve the accuracy of emotion detection in multimodal contexts. The method
DialogueRNN'® employs a recurrent neural network architecture that effectively captures the sequential
dynamics of dialogue. This approach yields competitive performance across both the IEMOCAP and MELD
datasets. In contrast, DialogueGCN' utilizes graph convolutional networks to model the interrelations among
dialogue turns, showing notable results, especially in the recognition of emotions within the IEMOCAP dataset.
IterativeERC? introduces a novel iterative method for emotion recognition, which refines its predictions
through multiple iterations, demonstrating effectiveness in identifying Happy and Sad emotions. Another
approach, QMNN?Z, integrates quantum-inspired techniques for emotion detection across multiple modalities,
although it does not outperform other methods in various emotional categories.
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Dataset Method Neutral | Happy | Sad | Angry | Excited | Frustrated | Surprise | Fear | Disgust | WF1
DialogueRNN'® 59.91 32.83 | 7620 | 64.21 |71.83 |60.94 - - - 55.43
DialogueGCN'” 56.76 | 50.87 |75.76 | 60.26 |71.71 | 60.04 - - - 56.41
IterativeERC?° 63.31 52.17 |75.19 | 6245 |71.23 58.92 - - - 57.42
QMNN?! 5429 |3871 |67.30 |61.58 |66.71 | 64.19 - - - 53.14
MMGCN" 63.73 |41.34 |77.67 | 67.00 |73.33 |61.32 - - - 59.11
MM-DEN% 65.42 4322|7998 |71.77 |73.56 |68.33 - - - 62.56

IEMOCAP | MVN? 63.88 |57.75 |74.30 | 66.96 |71.50 |65.21 - - - 61.14
UniMSE* - - - - - - - - - -
EmoCaps’ 65.48 |70.91 |84.06 | 67.99 |78.41 |64.76 - - - 70.15
GA2MIF? 7038 | 4515 |83.50 | 71.29 |74.99 | 65.49 - - - 67.46
MALN?® 65.10 | 5450 |80.80 |70.10 |78.00 | 70.40 - - - 68.01
MultiEMO? 66.08 64.77 |85.49 | 71.88 |77.31 70.10 - - - 71.59
MultiCauseNet [Our] |70.51 | 74.51 |83.21 |71.61 |77.52 |71.95 - - - 73.02
DialogueRNN'8 - 5551 | 2533 |46.76 |- - 48.59 2.00 |1033 |41.14
DialogueGCN'7 - 5295 | 2632 |42.03 |- - 46.37 198 |1237 | 40.67
IterativeERC?” - 55.95 |21.62 |49.88 |- - 52.65 531 [2124 |41.78
QMNN?! - 53.18 | 1550 |42.17 |- - 51.76 100 |- 39.33
MM-DFN? - 5424 |53.78 |47.82 |- - - - - 35.95

MELD MVN? - 5244 [20.82 | 4455 |- - 53.18 12.70 |23.50 38.56
UniMSE* - - 4352 | 5854 |- - 62.19 103 |- 40.90
EmoCaps? - 56.90 |43.52 |56.54 |- - 62.19 3.03 | 1565 | 42.87
GA2MIF? - 52.10 |28.18 |49.52 |- - 48.08 - - 39.89
MALN? - 6555 | 41.00 |55.00 |- - 59.60 2320 2033 | 49.62
MultiEMO? - 63.15 |39.51 | 5641 |- - 59.98 30.67 | 42.34 | 47.08
MultiCauseNet [Our] | - 66.98 |51.29 |59.41 |- - 63.21 31.32 | 3543 | 53.67

Table 2. Performance comparison on IEMOCAP and MELD datasets. Significant values are in bold.

MMGCN!® employs a multimodal graph convolutional network framework, which enhances recognition
capabilities for emotions such as Sadness and Excitement within the IEMOCAP dataset. Similarly, MM-DFN?
achieves impressive scores in identifying Sad and Frustrated emotions, showcasing its ability to address complex
emotional expressions effectively. The model MVN?® adopts a multi-view approach to extract diverse emotional
signals, yielding satisfactory performance across different emotional categories. On the other hand, UniMSE*
focuses on a unified multimodal self-supervised learning strategy, although its results are not comprehensive
across all emotion classes. EmoCaps? stands out by emphasizing the detection of nuanced emotional expressions,
achieving significant scores, particularly in the Happy and Sad categories. The method GA2MIF?® enhances
emotion recognition by leveraging both facial and contextual information, while MALN?® excels in recognizing
multiple emotions, especially in the Frustrated class. Lastly, MultiEMO?’ offers an advanced approach that
performs exceptionally well in detecting Sad emotions, positioning it as a strong competitor in the field. Each of
these methods contributes to the broader landscape of emotion recognition and serves as a valuable benchmark
against which MultiCauseNet is assessed. Our comparative analysis indicates that, while many methods perform
commendably, MultiCauseNet consistently surpasses them, particularly in recognizing challenging emotional
states.

Emotion detection results discussion and SOA comparison

Table 2 presents a comprehensive comparison of various methods for emotion recognition on the IEMOCAP
and MELD datasets. This table details the performance across several emotional categories, including Neutral,
Happy, Sad, Angry, Excited, Frustrated, Surprise, Fear, and Disgust, along with the overall WF1. This format
allows for a nuanced assessment of each method’s effectiveness. In the IEMOCAP dataset, our proposed model,
MultiCauseNet, stands out with the highest WF1 score of 73.02, clearly outperforming all other methods. This
performance underscores its strong capability to capture the complex emotional nuances present in the dialogue.
For the Neutral category, MultiCauseNet achieves a score of 70.51, slightly edging out GA2MIE, which scores
70.38. This indicates MultiCauseNet’s ability to accurately identify neutral emotional expressions, which are often
challenging to discern. In the Happy category, MultiCauseNet excels with a score of 74.51, while the second-best
model, EmoCaps, attains 70.91. This reflects MultiCauseNet’s effectiveness in recognizing positive emotional
expressions. Regarding Sadness, MultiEMO leads with an impressive 85.49, but MultiCauseNet closely follows
with 83.21, showcasing its strong competency in identifying sadness, a critical emotional state in dialogues.
For the Angry category, MultiCauseNet records a score of 71.61, demonstrating robust performance alongside
other leading models. In terms of Excited expressions, MultiCauseNet’s score of 77.52 is competitive, though
EmoCaps reaches the highest at 78.41, indicating a potential area for future enhancement. In the Frustrated
category, MultiCauseNet leads with 71.95, reflecting its adeptness at recognizing more nuanced emotional
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expressions. Other methods, including MultiEMO and MALN, also exhibit commendable performance across
various emotional classes. MultiEMO achieves a WF1 score of 72.96, excelling particularly in the Sad category,
while MALN demonstrates strong results, especially in the Frustrated class, with a WF1 of 69.80.

MultiCauseNet is also evaluated on well known MELD dataset, MultiCauseNet attains a high WFI score
of 53.67, marking an advancement over prior methods. For example, MultiEMO scores 47.08, and MALN
achieves 49.62, highlighting the clear improvement offered by MultiCauseNet. In the Neutral category,
it achieves the highest score of 66.98, surpassing both MALN at 65.55 and MultiEMO at 63.15. This result
underscores its effectiveness in recognizing neutral expressions in multimodal dialogues. In the Sad category,
MultiCauseNet scores 51.29, closely following MM-DEN, which records 53.78. This performance illustrates its
capability to discern sadness effectively within dialogues. For the Angry class, MultiCauseNet achieves a score
of 59.41, outpacing earlier methods such as UniMSE and MALN, which reflects its robustness in detecting
anger. Additionally, MultiCauseNet excels in the Surprise class with a score of 63.21 and performs adequately
in the Fear category, scoring 31.32. Overall, the results indicate that MultiCauseNet delivers improvements in
the weighted F1 score over existing methods across both datasets. The improved performance is attributed to
its capability to capture the intricacies of different emotions within multimodal contexts, leading to enhanced
recognition across a variety of emotional classes.

The proposed algorithm works well on both IEMOCAP and MELD datasets, however, it would be rational
to see the performance gap on these datasets. Figure 7 illustrates a comparison of emotion classification scores
between the IEMOCAP and MELD datasets across six emotion classes: Neutral, Happy, Sad, Angry, Excited,
and Frustrated. The performance is measured in percentages, with IEMOCAP scores represented in blue and
MELD scores in red. Starting with the Neutral emotion, MultiCauseNet performs better on MELD as compared
to IEMOCAP, achieving a score close to 80%, while IEMOCAP lags with around 60%. This suggests that
MultiCauseNet works better on MELD in terms of Neutral emotion. A similar trend can be seen for happy
emotions. For the Sad emotion, the trend reverses, and MultiCauseNet works with IEMOCAP significantly
better as compared to MELD. On IEMOCAP score of 80% is achieved while for MELD it is just around 5%, this
is the highest performance gap of 75% for all attained scores. Similarly, for the Angry emotion, MultiCauseNet
demonstrates superior performance on IEMOCAP, scoring approximately 70%, compared to MELD’s much
lower score. This highlights IEMOCAP’s strength in identifying anger. In terms of the Excited emotion,
IEMOCAP again shows stronger performance, while MELD lags, however, the performance gap in this case is
much lower than sad and angry. Finally, for the Frustrated emotion, both datasets show similar performance, with
scores close to 60%, indicating that they are equally effective at detecting frustration. Overall, the comparison
reveals that MultiCauseNet excels on IEMOCAP in detecting Sad, Angry, and Excited emotions, while MELD
performance is better in recognizing Neutral and Happy emotions. For the Frustrated emotion, both datasets
exhibit comparable performance.

Analysis of confusion matrices

The confusion matrices visualize the performance of a classification model by showing how well the predicted
labels match the true labels. The rows of the confusion matrix represent the true labels, while the columns
represent the predicted labels. Ideally, the diagonal elements (where the predicted labels match the true
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labels) should have the highest values, indicating correct predictions, while off-diagonal elements represent
misclassifications.

IEMOCAP confusion matrix
The IEMOCAP dataset confusion matrix (Fig. 8 Left) shows the performance of the classifier on six emotions:
Neutral, Happiness, Sadness, Anger, Excitement, and Frustration.

Neutral: The model correctly classified 205 instances of the “Neutral” emotion, but it also confused 40 in-
stances as “Happiness” and 25 instances as “Sadness”. These errors are likely due to overlapping emotional
expressions between “Neutral” and other emotions.

Happiness: The model correctly classified 376 instances as “Happiness’, but it misclassified 50 instances as
“Sadness” and 30 as “Anger”, indicating that the model may struggle with distinguishing happiness from other
emotions.

Sadness: For the “Sadness” emotion, 258 instances were classified correctly, but 30 were incorrectly classified
as “Happiness” and 15 as “Neutral’, showing a potential challenge in distinguishing these emotions.

Anger: The model correctly classified 164 instances of “Anger”, though 20 were misclassified as “Happiness”
and 15 as “Sadness”. This highlights some overlap between expressions of anger and other emotions.
Excitement: The model classified 76 instances of “Excitement” correctly, but misclassified several instances,
including 10 each as “Happiness” and “Anger”.

Frustration: The model struggled the most with “Frustration”, correctly classifying only 51 instances and
confusing it with other emotions such as “Happiness” and “Anger”.

MELD confusion matrix
The MELD dataset confusion matrix (Fig. 8 right) highlights performance on six emotions: Joy, Sadness, Anger,
Surprise, Fear, and Disgust.

Joy: The model correctly classified 429 instances of “Joy”, but 71 were misclassified as “Fear” and 50 as “Sur-
prise’, showing some overlap between joy and other positive or neutral emotions.

Sadness: “Sadness” was correctly classified 278 times, though it was confused with “Fear” (93 instances) and
“Disgust” (60 instances), highlighting the difficulty in distinguishing between negative emotions.

Anger: The model correctly classified 250 instances of “Anger”, though 60 were misclassified as “Surprise” and
50 as “Fear”, reflecting some overlap in negative, high-arousal emotions.
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« Surprise: With 250 correct classifications, the model performed moderately well in detecting “Surprise”
However, 40 instances were misclassified as “Joy” and 40 as “Fear”, suggesting that surprise might share some
characteristics with other emotions.

o Fear: The model classified “Fear” correctly 250 times, but misclassified many instances, particularly with
“Sadness” (93 instances) and “Disgust” (50 instances).

o Disgust: The model had the most difficulty with “Disgust”, with only 210 correct classifications and significant
confusion with “Fear” (50 instances) and “Anger” (30 instances).

Across both datasets, the model demonstrates strong performance in identifying certain emotions like

“Happiness” and “Joy”. However, it struggles more with negative emotions such as “Anger”, “Fear”, and “Disgust”
Misclassifications likely arise due to the overlapping characteristics of these emotions.

Emotion cause pair extraction results

Table 3 presents a comprehensive comparison of various models’ performance on two prominent datasets,
the ECF and ConvECPE datasets, concerning two tasks: Cause Recognition and Pair Extraction. The methods
compared include MuLT*, MMGCN'’, MM-DFN?2, UniMSE?, GA2MIF?, and MultiCauseNet (Ours). Each
model is evaluated across the standard metrics of Precision (P), Recall (R), and F1 score (F1), which offer
insights into their ability to accurately detect and extract causality in the datasets. For the ECF dataset, the results
reveal that the proposed MultiCauseNet model outperforms all previous methods across both tasks. In terms of
Cause Recognition, MultiCauseNet achieves an impressive Precision of 63.88, Recall of 62.83, and F1 score of
65.12. This marks a clear improvement over the next best model, GA2MIFE, which records an F1 score of 57.61.
Similarly, in the Pair Extraction task, MultiCauseNet achieves F1 score of 55.12, outperforming GA2MIF’s 51.26,
the next closest competitor. The gains seen in Pair Extraction underscore the model’s robustness in capturing
intricate causal relationships. On the ConvECPE dataset, MultiCauseNet continues to lead in Cause Recognition,
achieving the highest Precision, Recall, and F1 scores at 88.92, 88.21, and 84.51, respectively. This is particularly
notable given the challenging nature of this dataset, where prior models, such as GA2MIF, managed to achieve
an F1 score of 78.71, significantly lower than MultiCauseNet’s performance. While GA2MIF exhibits relatively
strong performance on Pair Extraction with a Recall of 48.59 and an F1 score of 47.40, MultiCauseNet once
again sets the highest F1 score at 51.34, indicating that it excels at not only recognizing causes but also extracting
causal pairs effectively. Earlier methods like MuLT*” and MMGCN'® show decent performance, particularly
in Cause Recognition, but fall short in Pair Extraction, suggesting potential gaps in capturing relationships
across modalities or extracting more subtle causal links. Similarly, while MM-DFN?*? and UniMSE** show
promise in their results, especially in the ConvECPE dataset, they are consistently outperformed by GA2MIF
and MultiCauseNet. In conclusion, the results suggest that MultiCauseNet introduces a marked improvement in
both Cause Recognition and Pair Extraction across two challenging datasets. Its F1 scores, particularly in Pair
Extraction, indicate that it outperforms state-of-the-art models, providing a more nuanced understanding and
extraction of causal relationships from data.

Ablation study

In this section, we conduct a comprehensive ablation study to assess the contributions of various components
of the proposed multimodal emotion-cause pair extraction framework. The goal is to evaluate the individual
impact of each module, including the multimodal feature extraction techniques, graph-based representations,
and attention mechanisms, on the overall performance of the system. The ablation experiments were carried out
on two datasets: IEMOCAP and MELD, which consist of multimodal dialogues annotated with emotions and
cause-effect pairs. We report the performance in terms of weighted F1-score (WF1) and accuracy (ACC) for
both emotion recognition and cause extraction tasks.

Impact of multimodal feature extraction
The first ablation study investigates the effectiveness of integrating multimodal inputs from text, audio, and
video. We tested the following configurations:

« Text-Only (T): Uses only the textual embeddings generated by BERT.
« Text-Audio (T+A): Combines text features from BERT and audio features extracted by Wav2Vec!>.

ECF dataset ConvECPE dataset

Cause recognition Pair extraction Cause recognition Pair extraction
Methods P R F1 P R F1 P R F1 P R F1
MuLT¥, 2019 55.19 | 54.21 |53.29 |41.32 |37.55 |38.12 | 75.15 | 71.43 | 73.05 | 44.61 | 52.59 | 48.74
MMGCN, 2021 57.55 | 55.83 | 54.39 | 36.10 | 37.29 | 38.18 | 78.57 | 74.52 | 76.07 | 42.18 | 42.67 | 42.11
MM-DFN?%, 2022 54.28 | 56.35 | 55.17 | 37.90 | 39.08 | 38.10 |79.84 | 71.91 |76.90 |46.79 | 50.60 | 48.64
UniMSE*, 2022 56.55 | 57.09 | 56.73 |44.48 | 54.25 |49.08 | 80.37 | 73.09 |75.58 |44.24 |49.33 | 46.69
GA2MIF?%, 2023 57.41 | 59.23 | 57.61 |47.25 |55.16 |51.26 |81.42 | 75.36 | 78.71 | 46.54 | 48.59 | 47.40
MultiCauseNet [Ours] | 63.88 | 62.83 | 65.12 | 53.27 | 59.10 | 55.12 | 88.92 | 88.21 | 84.51 | 52.51 | 49.44 | 51.34

Table 3. Results on the ECF and ConvECPE datasets.
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Model IEMOCAP (WF1) | MELD (WF1)
Text-only (T) 62.45 43.34
Text-audio (T + A) 68.12 49.48
Text-video (T + V) 67.21 50.02
Full model (T +V + A) | 73.02 53.67

Table 4. Ablation results for multimodal feature extraction. Significant values are in bold.

Model IEMOCAP (WF1) | MELD (WF1)
Without graph (no graph) | 66.47 46.20
With graph (graph) 73.02 53.67

Table 5. Ablation results for graph-based representation. Significant values are in bold.

Model IEMOCAP (WF1) | MELD (WF1)
Without attention (no attn) | 68.82 48.03
With attention (GAT) 73.02 53.67

Table 6. Ablation results for attention mechanisms. Significant values are in bold.

« Text-Video (T+V): Combines text features from BERT and video features extracted using Vision Transform-
ers (ViT)'e.
o Full Model (T+V+A): Integrates text, audio, and video features.

The results are summarized in Table 4. It is evident that using only textual features yields suboptimal performance,
particularly in cause extraction, where audio and visual cues play a significant role in understanding the nuances
of emotional triggers. By integrating both audio and video inputs (T+V+A), the model achieves significant
improvements, with a 16.92% increase in WF1 for IEMOCAP as compared to Text only modality and a 23.83%
increase for MELD. This highlights the importance of leveraging multimodal data to capture the complexity of
human emotions and their causes.

The ablation results demonstrate the synergistic effect of combining textual, audio, and visual modalities.
Specifically, the full model (T+V+A) provides a more holistic representation of the emotional context and
significantly improves the emotion-cause pairing process by leveraging both auditory cues (e.g., tone, pitch) and
visual signals (e.g., facial expressions).

Effectiveness of graph-based representation

We also investigated the effect of the graph-based representation, where the system constructs a graph with
nodes representing the features extracted from each modality and edges capturing the relationships between
emotions and causes. The experiments compared:

« Without Graph Representation (No Graph): The system directly classifies emotion and cause-effect pairs
without constructing the multimodal graph.

« With Graph Representation (Graph): The proposed system with a multimodal graph structure that encodes
the interrelationships between features and emotions.

As shown in Table 5, the graph-based representation leads to significant performance gains, particularly for
cause extraction. For example, on the IEMOCAP dataset, the WF1 for cause extraction improved by 9.85%
when using graph-based representations. This validates the importance of capturing the dependencies between
different emotional triggers and their corresponding causes, which are inherently multimodal.

Impact of attention mechanisms

The proposed framework leverages GATs to dynamically assign weights to nodes within the multimodal graph,
emphasizing the most relevant features during the emotion—cause extraction process. To evaluate the importance
of attention mechanisms, we conducted experiments by removing the GAT module:

o Without Attention (No Attn): This configuration omits the GAT and uses a standard GCN for message
passing between nodes.

o With Attention (GAT): The full model that incorporates GAT to selectively focus on key features in the
multimodal graph.

The results, presented in Table 6, show that the attention mechanism plays a crucial role in improving emotion
recognition and cause extraction. By using GATs, the model achieves a 6.1% improvement in WF1 on the
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Model IEMOCAP (WF1) | MELD (WF1)
Text-only 62.45 43.34
Audio-only 61.43 42.11
Video-only 60.11 40.54
Full model (T+V+A) | 73.02 53.67

Table 7. Ablation results for multimodal vs. unimodal performance. Significant values are in bold.

Model ICAP (W ECP) | ICAP (WO ECP) | MELD (W ECP) | MELD (WO ECP)
Text-only 62.45 57.14 43.34 37.97
Audio-only 61.43 55.43 42.11 37.54
Video-only 60.11 54.89 40.54 35.14
Full model (T +V + A) | 73.02 67.38 53.67 46.66

Table 8. Impact of emotion—cause pair extraction. Significant values are in bold.

IEMOCAP dataset and 11.74% improvement on MELD. This demonstrates that dynamically weighting the
importance of different features enables the model to better capture the subtle cues that distinguish between
emotions and their underlying causes.

Multimodal vs. unimodal analysis

Finally, we compare the performance of the full multimodal model (T+V+A) with unimodal systems that use
only a single modality (text, audio, or video). As expected, unimodal models perform worse than the multimodal
system, especially on tasks where emotion cues are not easily captured by a single modality. For instance,
visual cues from facial expressions and body language, along with auditory signals, are essential for accurately
determining the causes of emotions such as frustration or excitement.

The ablation results highlighted in Table 7 shows the advantages of using a multimodal approach for emotion
recognition and cause extraction. Integrating text, audio, and video features, along with the graph-based
representation and attention mechanisms, significantly improves the model’s ability to capture the intricate
relationships between emotions and their causes. The ablation study results provide a detailed understanding
of the contributions of each component in the proposed multimodal framework. The findings demonstrate
that integrating multimodal features, using graph-based representations, and employing attention mechanisms
are critical to achieving superior performance in emotion-cause pair extraction. These components work
synergistically to capture the complexities of human emotions and their triggers, paving the way for more
accurate and insightful emotion recognition systems.

Impact of extraction of emotion-cause pairs

This subsection evaluates the effectiveness of the proposed approach in accurately extracting emotion-cause pairs
from multimodal dialogues. The ablation study examines how well the model identifies not only the emotions
present in the dialogue but also the specific causes linked to these emotions. Results in Table 8 demonstrate that
leveraging multimodal features significantly enhances the precision and recall of cause extraction, particularly
in complex dialogues where the emotional triggers are subtle and context-dependent.

The ablation results highlighted in Table 7 show the advantages of using a multimodal approach for emotion
recognition and cause extraction. Integrating text, audio, and video features, along with the graph-based
representation and attention mechanisms, significantly improves the model’s ability to capture the intricate
relationships between emotions and their causes. The ablation study results provide a detailed understanding
of the contributions of each component in the proposed multimodal framework. The findings demonstrate
that integrating multimodal features, using graph-based representations, and employing attention mechanisms
are critical to achieving superior performance in emotion-cause pair extraction. These components work
synergistically to capture the complexities of human emotions and their triggers, paving the way for more
accurate and insightful emotion recognition systems.

Conclusions

In this paper, we introduced MultiCauseNet, a novel framework designed for the extraction of emotion-cause
pairs from multimodal data sources, including text, audio, and video. Our approach addressed the complex
interplay between emotions and their causes by leveraging feature extraction techniques and attention
mechanisms, resulting in a more comprehensive understanding of emotional contexts. The proposed framework
incorporates state-of-the-art models, such as BERT, Wav2Vec, and ViT to extract rich features from each
modality. We constructed a multimodal graph representation that captures the intricate relationships between
emotional triggers and their corresponding causes. By employing Graph Attention Networks GATs, we effectively
prioritized relevant features and modelled the dynamic relationships within the data, enabling the model to
focus on significant emotional interactions adaptively. Our experimental results demonstrated MultiCauseNet’s
superior performance on benchmark datasets such as IEMOCAP and MELD, surpassing existing methodologies
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in emotion-cause extraction accuracy. The integration of temporal attention mechanisms facilitated the
alignment of multimodal features, allowing us to effectively capture emotions’ evolving nature. Furthermore,
the hybrid architecture combining Transformers with GATs provided both global contextual understanding and
localized relational modelling, thereby enhancing the model’s overall effectiveness.

Limitations and future directions

While this study presents a novel multimodal framework for emotion-cause pair extraction, certain limitations
must be recognized. First, the model’s reliance on benchmark datasets like IEMOCAP and MELD may not
fully capture the diversity of real-world scenarios. This dependency could affect the model’s ability to generalize
effectively, especially in contexts where cultural and linguistic differences shape emotional expressions. Secondly,
the framework’s performance is closely tied to the quality and completeness of multimodal data. Issues such as
low-resolution images, noisy audio, or unclear text inputs could impede accurate emotion-cause pair extraction.
Additionally, managing missing or misaligned data across modalities remains a significant challenge, potentially
undermining the model’s robustness. Thirdly, although the temporal attention mechanism improves the
interpretation of dynamic emotions, it may struggle with long-range dependencies in complex interactions. This
limitation could reduce accuracyin extended dialogues where lengthy intervals separate emotions and their causes.
Furthermore, integrating advanced models like BERT, Wav2Vec, and ViT increases computational complexity.
High resource demands may restrict the frameworK’s use in environments with limited computational power,
such as mobile or edge devices. Finally, this study primarily focuses on the technical aspects of the proposed
method, with limited validation in practical domains like mental health or human-computer interaction. Future
research could address these challenges by incorporating more diverse datasets, enhancing model efficiency, and
conducting real-world evaluations to broaden the frameworK’s applicability.

Looking ahead, several avenues for future research can further enhance the understanding and application
of emotion-cause pair extraction. First, the incorporation of additional modalities, such as physiological
signals or contextual metadata, could provide deeper insights into emotional states and their underlying causes.
Exploring more sophisticated graph structures and attention mechanisms may improve the model’s ability to
capture complex relational dynamics and temporal dependencies. Additionally, addressing the challenges of
data scarcity and variability across different cultural contexts will be essential for developing robust models
that generalize well in diverse scenarios. Future work could focus on transfer learning approaches to leverage
knowledge from well-annotated datasets and apply it to new domains with limited labelled data. Furthermore,
real-time emotion-cause pair extraction systems could be developed for applications in dynamic environments,
such as customer service or therapy sessions, where understanding emotional triggers is crucial. Lastly,
incorporating user feedback mechanisms into the model can facilitate continuous learning and adaptation
to evolving emotional expressions and contexts. Overall, these future directions aim to refine and extend the
capabilities of multimodal emotion recognition systems, ensuring they remain relevant and effective in capturing
the complexities of human emotions.

Data availability

Our experiments utilized two benchmark datasets for emotion recognition: the Multimodal EmotionLines
Dataset (MELD)* and the Interactive Emotional Dyadic Motion Capture Database (IEMOCAP). MELD is
available online at https://github.com/declare-lab/MELD/ while IEMOCAP is available at https://www.kaggle.
com/datasets/samuelsamsudinng/iemocap-emotion-speech-database. We also used cause-effect pair extraction
datasets ConvECPE https://github.com/NUSTM/MECPE and ECF https://paperswithcode.com/task/emotion-c
ause-pair-extraction.

Received: 3 November 2024; Accepted: 5 May 2025
Published online: 03 June 2025

References
1. Wang, E, Ding, Z., Xia, R., Li, Z. & Yu, ]. Multimodal emotion-cause pair extraction in conversations. IEEE Trans. Affect. Comput.
14, 1832-1844 (2022).
2. Li, Z,, Tang, E, Zhao, M. & Zhu, Y. Emocaps: Emotion capsule based model for conversational emotion recognition. http://arxiv.o
rg/abs/2203.13504 (2022).
3. Li, W. et al. Ecpec: Emotion-cause pair extraction in conversations. IEEE Trans. Affect. Comput. 14, 17541765 (2022).
4. Poria, S. et al. Meld: A multimodal multi-party dataset for emotion recognition in conversations. http://arxiv.org/abs/1810.02508
(2018).
. Zhai, G. & Min, X. Perceptual image quality assessment: A survey. Sci. China Inf. Sci. 63, 1-52 (2020).
. Min, X,, Duan, H., Sun, W, Zhu, Y. & Zhai, G. Perceptual video quality assessment: A survey. Sci. China Inf. Sci. 67, 211301 (2024).
. Min, X. et al. Screen content quality assessment: Overview, benchmark, and beyond. ACM Comput. Surv. (CSUR) 54, 1-36 (2021).
. Min, X,, Zhai, G., Gu, K,, Liu, Y. & Yang, X. Blind image quality estimation via distortion aggravation. IEEE Trans. Broadcast. 64,
508-517 (2018).
9. Min, X. et al. Blind quality assessment based on pseudo-reference image. IEEE Trans. Multimedia 20, 2049-2062 (2017).
10. Min, X. etal. Exploring rich subjective quality information for image quality assessment in the wild. http://arxiv.org/abs/2409.05540
(2024).
11. Chaudhry, H. N. et al. Sentiment analysis of before and after elections: Twitter data of us election 2020. Electronics 10, 2082 (2021).
12. Perikos, L., Kardakis, S. & Hatzilygeroudis, 1. Sentiment analysis using novel and interpretable architectures of hidden markov
models. Knowl.-Based Syst. 229, 107332 (2021).
13. Saxena, A., Khanna, A. & Gupta, D. Emotion recognition and detection methods: A comprehensive survey. J. Artif. Intell. Syst. 2,
53-79 (2020).
14. Devlin, ]. Bert: Pre-training of deep bidirectional transformers for language understanding. http://arxiv.org/abs/1810.04805
(2018).

Scientific Reports |

(2025) 15:19372 | https://doi.org/10.1038/s41598-025-01221-w nature portfolio


https://github.com/declare-lab/MELD/
https://www.kaggle.com/datasets/samuelsamsudinng/iemocap-emotion-speech-database
https://www.kaggle.com/datasets/samuelsamsudinng/iemocap-emotion-speech-database
https://github.com/NUSTM/MECPE
https://paperswithcode.com/task/emotion-cause-pair-extraction
https://paperswithcode.com/task/emotion-cause-pair-extraction
http://arxiv.org/abs/2203.13504
http://arxiv.org/abs/2203.13504
http://arxiv.org/abs/1810.02508
http://arxiv.org/abs/2409.05540
http://arxiv.org/abs/1810.04805
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

15.

16.
17.

18.

19.

20.

21.

22.

23.
24.

25.

26.

27.

28.

29.

30.

31.
32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

Baevski, A., Zhou, Y., Mohamed, A. & Auli, M. wav2vec 2.0: A framework for self-supervised learning of speech representations.
Adv. Neural. Inf. Process. Syst. 33, 12449-12460 (2020).

Alexey, D. An image is worth 16x16 words: Transformers for image recognition at scale. http://arxiv.org/abs/2010.11929 (2020).
Ghosal, D., Majumder, N., Poria, S., Chhaya, N. & Gelbukh, A. Dialoguegcn: A graph convolutional neural network for emotion
recognition in conversation. http://arxiv.org/abs/1908.11540 (2019).

Majumder, N. et al. Dialoguernn: An attentive rnn for emotion detection in conversations. Proc. AAAI Conf. Artif. Intell. 33,
6818-6825 (2019).

Wei, Y. et al. Mmgcn: Multi-modal graph convolution network for personalized recommendation of micro-video. In Proceedings
of the 27th ACM International Conference on Multimedia, 1437-1445 (2019).

Lu, X. et al. An iterative emotion interaction network for emotion recognition in conversations. In Proceedings of the 28th
International Conference on Computational Linguistics, 4078-4088 (2020).

Li, Q., Gkoumas, D., Sordoni, A., Nie, J.-Y. & Melucci, M. Quantum-inspired neural network for conversational emotion
recognition. Proc. AAAI Conf. Artif. Intell. 35, 13270-13278 (2021).

Hu, D., Hou, X., Wei, L., Jiang, L. & Mo, Y. Mm-dfn: Multimodal dynamic fusion network for emotion recognition in conversations.
In ICASSP 2022-2022 IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP), 7037-7041 (IEEE, 2022).
Ma, H. et al. A multi-view network for real-time emotion recognition in conversations. Knowl.-Based Syst. 236, 107751 (2022).
Hu, G. et al. Unimse: Towards unified multimodal sentiment analysis and emotion recognition. http://arxiv.org/abs/2211.11256
(2022).

Zheng, W, Yu, J., Xia, R. & Wang, S. A facial expression-aware multimodal multi-task learning framework for emotion recognition
in multi-party conversations. In Proceedings of the 61st Annual Meeting of the Association for Computational Linguistics (Volume 1:
Long Papers), 15445-15459 (2023).

Ren, M. et al. Maln: Multimodal adversarial learning network for conversational emotion recognition. IEEE Trans. Circuits Syst.
Video Technol. 33, 6965-6980 (2023).

Shi, T. & Huang, S. -L. Multiemo: An attention-based correlation-aware multimodal fusion framework for emotion recognition in
conversations. In Proceedings of the 61st Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers),
14752-14766 (2023).

Hu, Y., Liu, W,, Zhang, Y. & Zhao, J. Multimodal emotion recognition: A review. In Proceedings of the 2022 International Joint
Conference on Neural Networks (IJCNN), 1-7 (2022).

Hu, Y. et al. Modeling intra- and inter-utterance dependencies with graph neural networks. In Proceedings of the 2021 Conference
on Empirical Methods in Natural Language Processing (EMNLP) (2021).

Joshi, P. et al. Cross-attention transformers for multimodal emotion recognition. In Proceedings of the 2022 Conference on Empirical
Methods in Natural Language Processing (EMNLP) (2022).

Vaswani, A. et al. Attention is all you need. In Advances in Neural Information Processing Systems (NeurIPS) (2017).

Sun, Z. et al. Graph-based contextual emotion recognition in conversations. In Proceedings of the 2021 Conference on Empirical
Methods in Natural Language Processing (EMNLP) (2021).

Lee, J. & Lee, S. Transfer learning techniques for emotion recognition in conversations. In Proceedings of the 2021 International
Conference on Natural Language Processing (ICNLP) (2021).

Ghosal, T. et al. Contextual emotion recognition in conversations. In Proceedings of the 2019 Conference on Empirical Methods in
Natural Language Processing (EMNLP) (2019).

Mao, Y. et al. Emotion dynamics in conversations. In Proceedings of the 2021 Conference on Empirical Methods in Natural Language
Processing (EMNLP) (2021).

Hazarika, D. et al. Transfer learning for emotion recognition in conversations. In Proceedings of the 2019 Conference on Empirical
Methods in Natural Language Processing (EMNLP) (2019).

Ghosal, T. et al. Commonsense knowledge for emotion recognition in conversations. In Proceedings of the 2020 Conference on
Empirical Methods in Natural Language Processing (EMNLP) (2020).

Akhtar, N. et al. Multi-task learning for emotion recognition in conversations. In Proceedings of the 2019 International Conference
on Multimodal Interaction (ICMI) (2019).

Zhu, Y. et al. Incorporating external knowledge for emotion recognition in conversations. In Proceedings of the 2021 Conference on
Empirical Methods in Natural Language Processing (EMNLP) (2021).

Han, X., Wang, Y, Lu, Q. & Li, Y. Multimodal sentiment analysis using deep learning. In Proceedings of the 2021 International
Conference on Artificial Intelligence, 198-204 (2021).

Luo, Y., Wu, J,, Li, X., Wang, P. & Zhou, X. Multimodal emotion recognition in conversation using hierarchical attention. In
Proceedings of the 2020 Conference on Empirical Methods in Natural Language Processing (EMNLP), 7864-7874 (2020).

Hazarika, D., Poria, S., Cambria, E. & Mihalcea, R. Icon: Interpretable deep learning for multimodal emotion recognition. In
Proceedings of the 27th ACM International Conference on Information and Knowledge Management, 183-192 (2018).

Zhang, ], Yao, L., Wang, Y. & Hu, X. Multi-modal emotion recognition in conversations. In Proceedings of the 2022 International
Conference on Data Mining, 489-495 (2022).

Wang, Y., Huang, C., Liu, W. & Zhao, J. Emotion-cause pair extraction in conversations. In Proceedings of the 2021 Conference on
Empirical Methods in Natural Language Processing (EMNLP), 5896-5906 (2021).

Li, Q, Wang, Y., Poria, S. & Huang, C. Building a multimodal dataset for emotion-cause pair extraction in conversations. In
Proceedings of the 2022 Conference on Empirical Methods in Natural Language Processing (EMNLP), 675-683 (2022).

Busso, C. et al. lemocap: Interactive emotional dyadic motion capture database. Lang. Resour. Eval. 42, 335-359 (2008).

. Tsai, Y. -H. H. et al. Multimodal transformer for unaligned multimodal language sequences. In Proceedings of the Conference.

Association for computational linguistics. Meeting, vol. 2019, 6558 (NIH Public Access, 2019).

Author contributions
Conceptualization: For research articles with several authors, this short paragraph specifies their contributions.

MJ

(Methodology), HNC (Software, Writing an original draft), FK (Software, Validation), YG (Data curation,

visualization), SUK (Resources, Project Administration, Funding Acquisition), MA (Supervision, Project Ad-
ministration, Fund Acquisition), ZUK (Investigation, Writing, review and Editing)

Funding

We

acknowledge the administrative and technical support provided by Sujit Biswas.

Declarations

Co

mpeting interests

The authors declare no competing interests.

Scientific Reports |

(2025) 15:19372

| https://doi.org/10.1038/s41598-025-01221-w nature portfolio


http://arxiv.org/abs/2010.11929
http://arxiv.org/abs/1908.11540
http://arxiv.org/abs/2211.11256
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Additional information
Correspondence and requests for materials should be addressed to S.B. or Z.U.K.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and
indicate if changes were made. The images or other third party material in this article are included in the article’s
Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included
in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy
of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© Crown 2025

Scientific Reports|  (2025) 15:19372 | https://doi.org/10.1038/s41598-025-01221-w nature portfolio


http://creativecommons.org/licenses/by/4.0/
http://www.nature.com/scientificreports

	﻿MULTICAUSENET temporal attention for multimodal emotion cause pair extraction
	﻿﻿Related work
	﻿﻿Multimodal emotion recognition
	﻿﻿Emotion cause pair extraction
	﻿﻿Benchmark state of art

	﻿﻿Proposed technique
	﻿﻿Multimodal feature extraction
	﻿﻿Text processing
	﻿﻿Audio processing
	﻿﻿Video processing


	﻿﻿Feature fusion using transformers
	﻿Input feature representation
	﻿Self-attention mechanism
	﻿Cross-attention for inter-modal fusion
	﻿Feature aggregation

	﻿﻿Emotion–cause pair extraction with graph attention networks
	﻿Graph construction
	﻿GATs for emotion–cause pairing
	﻿Emotion–cause relationship extraction

	﻿﻿Transformer and GAT Hybrid for emotion–cause detection
	﻿Joint training for emotion–cause detection

	﻿﻿Combining outputs using attention mechanism
	﻿Hierarchical structure

	﻿﻿Results and performance evaluation
	﻿﻿Datasets
	﻿﻿Performance metrics
	﻿﻿Baseline
	﻿﻿Emotion detection results discussion and SOA comparison
	﻿﻿Analysis of confusion matrices
	﻿IEMOCAP confusion matrix
	﻿MELD confusion matrix


	﻿﻿Emotion cause pair extraction results
	﻿﻿Ablation study
	﻿Impact of multimodal feature extraction
	﻿Effectiveness of graph-based representation
	﻿Impact of attention mechanisms
	﻿Multimodal vs. unimodal analysis
	﻿Impact of extraction of emotion–cause pairs

	﻿﻿Conclusions
	﻿Limitations and future directions

	﻿References


