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Abstract

Emotion recognition in multi-speaker conver-
sations faces significant challenges due to
speaker ambiguity and severe class imbal-
ance. We propose a novel architecture that
addresses these issues through three key inno-
vations: (1) a speaker identification module
that leverages audio-visual synchronization to
accurately identify the active speaker, (2) a
knowledge distillation strategy that transfers
superior textual emotion understanding to au-
dio and visual modalities, and (3) hierarchical
attention fusion with composite loss functions
to handle class imbalance. Comprehensive
evaluations on MELD and IEMOCAP datasets
demonstrate superior performance, achieving
67.75% and 72.44% weighted F1 scores re-
spectively, with particularly notable improve-
ments on minority emotion classes.

1 Introduction

Human emotion recognition has emerged as one of
the most fundamental and challenging problems in
artificial intelligence (Dzedzickis et al., 2020; Sax-
ena et al., 2020; Deng and Ren, 2021), with impor-
tant implications for human-computer interaction,
social robotics, mental health monitoring, and con-
versational Al systems (Zhao et al., 2025; Pereira
et al., 2025). The development of emotionally in-
telligent systems has become increasingly critical
as Al applications expand into domains requiring
nuanced understanding of human emotional states
(Spezialetti et al., 2020; Younis et al., 2024).
Unlike traditional pattern recognition tasks that
focus on static objects or isolated signals, emo-
tion recognition requires understanding the com-
plex interplay of multiple communication chan-
nels through which humans naturally express their
emotional states (Guo et al., 2024). Research
in psychology and cognitive science has demon-
strated that emotional communication is inher-
ently multimodal, with different modalities provid-

ing complementary and sometimes redundant in-
formation about a person’s emotional state (Man-
alu and Rifai, 2024). For instance, while spoken
words may convey neutral content, facial expres-
sions might reveal underlying frustration or sar-
casm (Zupan and Eskritt, 2024).

The computational modeling of this multimodal
emotion recognition process has gained signifi-
cant attention in recent years, driven by advances
in deep learning and the availability of large-
scale multimodal datasets, such as IEMOCAP
(Busso et al., 2008) and MELD (Poria et al.,
2018). These resources have enabled the devel-
opment of increasingly complex neural architec-
tures that integrate textual, auditory, and visual
signals through sophisticated fusion mechanisms
(Baltrusaitis et al., 2018).

However, early approaches to emotion recogni-
tion focused primarily on single modalities, espe-
cially on context modeling and information extrac-
tion from the text modality, while neglecting the
wealth of visual and auditory information avail-
able in video and speech. Such information in-
cludes facial keypoint trajectories, expression dy-
namics (Zhang and Chai, 2021), intonation pat-
terns, and prosodic variations (El Ayadi et al.,
2011), all of which are fundamental to human emo-
tion perception in real-world interactions.

The transition toward multimodal emotion
recognition has been motivated by the observa-
tion that combining multiple information sources
typically leads to more robust and accurate emo-
tion classification (Poria et al., 2017). Studies
(Mao et al., 2020; Wu and Goodman, 2019) have
shown that multimodal approaches can achieve
significantly better performance compared to their
unimodal counterparts, particularly in challenging
conditions such as low-quality audio, poor light-
ing, or partial occlusion. Furthermore, multimodal
systems can better handle the inherent ambiguity
in emotional expressions, where the same facial
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expression might convey different emotions de-
pending on the context and accompanying vocal
cues (Hinton et al., 2015).

Despite these advances, conversational emotion
recognition in multi-speaker scenarios presents
unique challenges that remain inadequately ad-
dressed: (1) Speaker Disambiguation - accu-
rately identifying the active speaker in multi-party
conversations where multiple faces may be visi-
ble; (2) Modality Performance Gaps - significant
performance disparities between text-based and
audio-visual emotion recognition methods; and (3)
Severe Class Imbalance - real-world conversa-
tional datasets often exhibit heavy bias toward cer-
tain emotions while underrepresenting others.

We propose a comprehensive framework that
addresses these challenges through three main con-
tributions:' (1) Speaker-Centric Processing: We
introduce LipSyncNet, an approach that identifies
active speakers through audio-visual synchroniza-
tion patterns, enabling precise speaker-specific
emotion analysis. (2) Cross-Modal Knowledge
Distillation: We systematically transfer knowl-
edge from high-performing text models to audio
and visual counterparts, bridging modality perfor-
mance gaps through graph-based architectures. (3)
Hierarchical Fusion with Composite Loss: We
develop sophisticated attention mechanisms com-
bined with composite loss functions that effec-
tively handle severe class imbalance in conversa-
tional datasets.

2 Related Work

Conversational Emotion Recognition. Conver-
sational emotion recognition extends beyond iso-
lated utterance analysis to consider the contextual
and interactive nature of human dialogue (Poria
et al., 2019). Unlike traditional emotion recogni-
tion tasks that process individual samples indepen-
dently, conversational scenarios require modeling
temporal dependencies, speaker interactions, and
emotional dynamics throughout the conversation.
Key characteristics of conversational emotion
recognition include context dependency, where
the emotional interpretation of an utterance de-
pends on preceding context (Hazarika et al., 2018);
speaker modeling, which requires maintaining
separate emotional states and characteristics for
different participants (Majumder et al., 2019); and
emotion dynamics, involving the modeling of

"https://github.com/1111xx1628/multimodalERC

emotional transitions and contagion effects be-
tween speakers (Ghosal et al., 2019).

Recent approaches have employed various neu-
ral architectures to capture conversational dynam-
ics. Recurrent Neural Networks with attention
mechanisms model temporal dependencies in con-
versations (Hazarika et al., 2018). Hierarchical
approaches use separate encoders for utterance-
level and conversation-level representations (Ma-
jumder et al., 2019). Graph-based methods rep-
resent conversations as graphs where nodes repre-
sent utterances and edges capture relationships be-
tween them (Ghosal et al., 2019).

The integration of multiple modalities in con-
versational settings presents additional challenges,
as different modalities may have varying tempo-
ral resolutions and alignment issues (Tsai et al.,
2019). State-of-the-art approaches include Mul-
timodal Transformer architectures that use cross-
modal attention to align and fuse information
across modalities (Rahate et al., 2022).

Multimodal Fusion Strategies. Multimodal
emotion recognition combines information from
multiple input channels to achieve more robust
and accurate emotion classification than any sin-
gle modality alone (Baltrusaitis et al., 2018). The
fusion process can occur at different levels of the
processing pipeline, each with distinct advantages
and limitations.

Early fusion concatenates features from dif-
ferent modalities before classification (Wollmer
et al., 2013). This approach allows the classifier
to learn joint representations and cross-modal cor-
relations but may suffer from the curse of dimen-
sionality and differences in feature scales across
modalities (Poria et al., 2017).

Late fusion trains separate classifiers for each
modality and combines their outputs through tech-
niques such as weighted voting, product rule, or
learned combination functions. While this ap-
proach is more robust to modality-specific noise,
it cannot capture low-level cross-modal interac-
tions (Ramakrishna et al., 2023).

Hybrid fusion strategies attempt to combine
the benefits of early and late fusion by perform-
ing fusion at intermediate levels of the processing
pipeline (Zadeh et al., 2017). Recent approaches
have explored attention-based fusion mechanisms
that dynamically weight the contribution of differ-
ent modalities based on their relevance to the cur-
rent sample (Liang et al., 2018).

Advanced fusion architectures include Tensor
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Fusion Networks (Zadeh et al.,, 2017), which
model multi-modal interactions through tensor op-
erations, and Memory Fusion Networks (Zadeh
et al., 2018), which use attention mechanisms to
selectively retrieve relevant cross-modal informa-
tion. Graph-based fusion approaches (Zhang et al.,
2019) represent multimodal data as graphs and use
Graph Neural Networks (GNNs) to capture com-
plex relationships between modalities.

Speaker Diarization. Speaker diarization is the
process of determining “who spoke when” in an
audio recording containing multiple speakers (Ma-
lik et al., 2020). This task is fundamental to multi-
speaker emotion recognition as it provides the nec-
essary speaker attribution required for accurate
emotion analysis.

Traditional speaker diarization systems follow a
clustering approach: speech segments are first ex-
tracted through Voice Activity Detection (VAD),
then speaker embeddings are computed for each
segment, and finally clustering algorithms group
segments belonging to the same speaker (Garcia-
Romero et al., 2017). Common clustering tech-
niques include k-means, hierarchical clustering,
and spectral clustering (Sell et al., 2018).

Modern approaches leverage deep learning for
improved speaker embeddings. i-vectors (De-
hak et al., 2010) and x-vectors (Snyder et al.,
2018) have become standard speaker represen-
tations, with x-vectors showing superior perfor-
mance through deep neural network training. End-
to-end neural diarization systems (Fujita et al.,
2019) jointly optimize speaker embedding and
clustering components.

SyncNet (Chung and Zisserman, 2017) pio-
neered the use of lip-sync information for speaker
identification by learning to associate lip move-
ments with corresponding audio signals. Subse-
quent work has explored various audio-visual fu-
sion strategies and improved synchronization de-
tection methods (Afouras et al., 2018).

However, existing audio-visual diarization
methods often focus on face detection and track-
ing without consideration of multimodal emo-
tion recognition. The precise temporal alignment
needed for emotion analysis remains a challenge
in current diarization systems (Bredin et al., 2020).

Limitations of Existing Work. Current ap-
proaches face three key limitations: (1) assump-
tion of perfect speaker identification or treating it
as preprocessing, leading to error propagation in
multi-speaker scenarios; (2) insufficient handling

of modality performance imbalances, particularly
the superior performance of text over audio/visual
modalities in conversational contexts; and (3) in-
adequate solutions for severe class imbalance in
real-world conversational datasets, where minor-
ity emotions are crucial for comprehensive emo-
tion understanding. Our work addresses these
limitations through integrated speaker-centric pro-
cessing, systematic cross-modal knowledge distil-
lation, and composite loss functions specifically
designed for conversational class imbalance.

3 Method

We propose a comprehensive multimodal conver-
sational emotion recognition framework that ad-
dresses three key challenges: speaker identifica-
tion in multi-party scenarios, cross-modal knowl-
edge transfer, and class imbalance. Our approach
consists of four main components: (1) speaker-
centric processing via LipSyncNet, (2) graph-
based knowledge distillation, (3) hierarchical at-
tention fusion, and (4) composite loss functions.

3.1 System Overview

Given a dataset D={(u;, s;, ¢;) }).; where u; rep-
resents the ¢-th utterance, s; is the speaker identity,
and e; is the emotion label, our framework extracts
multimodal features ng) e R%, FY ¢ Réa, and
Fq(,i) € R% for text, audio, and visual modalities
respectively. As illustrated in Figure 1, the system
processes these features through modality-specific
graph networks with knowledge distillation, hier-
archical fusion. The system is optimized via the
following loss function:

Etotal = ﬁfusion + )\disﬁdis + )\syncﬁsync‘ (1)

The three components Lgyne, Lais, and L pysion
are to be explained below in this order.

3.2 Speaker-Centric Processing

Multi-party conversations require accurate speaker
identification to extract relevant visual cues. How-
ever, most conventional speaker diarization or lo-
calization methods, e.g., (OShaughnessy, 2025;
Singh et al., 2023; Chung and Zisserman, 2016;
Fujita et al., 2020) are designed for long continu-
ous recordings and rely on multi-stage pipelines,
including voice activity detection, speaker embed-
ding extraction, and global clustering. These pro-
cedures are not well suited for utterance-level mul-
timodal emotion recognition, as they introduce
additional complexity and may propagate errors
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Figure 1: Overall architecture of the proposed multimodal conversational emotion recognition system.

across segments, especially in short and noisy con-
versational turns.

To address these limitations, we design Lip-
SyncNet, a speaker-centric module for utterance-
level processing. LipSyncNet takes short video
clips from each detected face track together with
the corresponding audio segment, and selects the
face whose visual features are most synchronized
with the audio track. The model is implemented as
a lightweight dual-stream convolutional network
and is applied only once per utterance to iden-
tify the active speaker. This design enables effi-
cient and reliable speaker filtering while remain-
ing closely aligned with the requirements of multi-
modal emotion recognition in multi-party conver-
sations.

3.2.1 Architecture and Training

LipSyncNet employs a 3D CNN video encoder
and a 2D CNN audio encoder that produce 256-
dimensional L2-normalized features f, and f, re-
spectively. The model is trained using a combined
ranking and alignment loss:

Esync = async['rank + (1 - async)ﬁaligrn (2)
Lrank = maX(O, m + dpos - dneg): 3)
ﬁalign = E[dpos]7 (4)

where d,0s = ||f,” — £,]|2 denotes the distance be-
tween synchronized audio-visual pairs and dy,cq =
|If, — fal|2 denotes the distance between non-

synchronized pairs. m is the margin. L, en-
courages separation between positive and nega-
tive audio-visual pairs. L4, minimizes synchro-
nized pair distances.

3.2.2 Speaker Identification

The synchronization score is defined as the nega-
tive embedding distance between a candidate face
video Fj and the audio A:

Score(Fj, A) = —I£9) — £, ©)

The true active speaker is identified as the one with
the highest synchronization score:

j* = argmax Score(F}, A). (6)
j

This ensures that subsequent visual feature extrac-
tion only relies on the true speaker rather than
background participants.

3.3 Multimodal Feature Extraction
3.3.1 Contextual Text Features

Conversational emotion recognition requires un-
derstanding not only the current utterance but also
the surrounding conversational context that signif-
icantly influences emotional interpretation. Un-
like isolated text classification, emotions in con-
versations are heavily dependent on prior dialogue
history, speaker relationships, and conversational
flow (Hazarika et al., 2018).

Inspired by Shi and Huang (2023), we construct
conversational context through a symmetric expan-
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sion strategy that captures both historical and fu-
ture context around the target utterance w;. This
approach is motivated by the observation that emo-
tional expressions often build upon previous ex-
changes while also being influenced by anticipated
responses in interactive scenarios.

The context construction follows an iterative ex-
pansion process:

C, =L, ®[SEP| ® u; & [SEP] @ Ry, (7)
where L; and R; represent left and right con-
text expansions within a 512-token limit imposed
by RoBERTa (Liu et al., 2019)’s input constraints.
The special separator tokens [SEP] help the model
distinguish the target utterance from its context.

Following (Yun et al., 2024), we incorporate an
emotion-aware prompt that guides the model’s at-
tention to emotional cues. The prompt takes the
form: “[Speaker] feels [MASK]” where [Speaker]
is the current speaker identity and [MASK] is
the prediction target. This design encourages the
model to explicitly consider speaker-specific emo-
tional patterns within the conversational context.

The fine-tuned ROBERTa model produces con-
textualized hidden states Hy.,; € RT:x1024 for
each token in the input sequence of length 7;. The
hidden state of the final token, Hy.¢[T}] € R10%4,
is projected through a linear transformation W &
R1024x768 (4 obtain the utterance-level representa-
tion F{") € RT68,

3.3.2 Audio Features

We employ Wav2Vec2.0 (Baevski et al., 2020) for
audio feature extraction due to its superior perfor-
mance in capturing both phonetic and prosodic in-
formation essential for emotion recognition.

The model processes raw audio waveforms and
generates contextualized hidden states H, 4,0 €
R7ax1024 " \where T, represents the temporal
length. To obtain utterance-level representations
suitable for our graph-based processing, we apply
temporal average pooling:

T
. 1 Qa
Ft(zl) = ? E Haudio[ta :] S R1024- (8)
@ =1

This pooling strategy preserves global acoustic
patterns while maintaining computational effi-
ciency for subsequent graph network processing.

3.3.3 Visual Features

For visual modality, we utilize TimeSformer
(Bertasius et al., 2021) specifically designed for
spatiotemporal video understanding.  TimeS-

former’s divided attention mechanism separately
models spatial and temporal relationships, making
it particularly effective for capturing facial expres-
sion dynamics and micro-expressions that evolve
over time in conversational contexts. This ap-
proach is superior to conventional 3D CNNs as
it can model long-range temporal dependencies
without the burden of dense 3D convolutions.

The model processes speaker-filtered video se-
quences (obtained from our LipSyncNet module)
to ensure that visual features correspond to the
actual speaker rather than background individu-
als. TimeSformer generates frame-level repre-
sentations which are aggregated through temporal
pooling:

T
. 1 < .
F{) = = > Hyisualt,:] ER™®. (9)
Yt=1

The temporal pooling captures holistic facial ex-
pression patterns across the entire utterance dura-
tion, providing robust representations that are in-
variant to minor head movements and temporary
occlusions while preserving emotional expression
dynamics essential for accurate classification.

3.4 Knowledge Distillation

To address the performance gap between text
and audio-visual modalities, we employ a teacher-
student distillation framework using modality-
specific graph networks. The fundamental moti-
vation behind this approach comes from the obser-
vation that text-based emotion recognition consis-
tently outperforms audio and visual modalities due
to the explicit semantic content and rich contextual
information available in linguistic expressions.

Our graph-based approach is motivated by the
inherent relational nature of conversational data,
where utterances are interconnected through tem-
poral dependencies, speaker relationships, and se-
mantic similarities. Traditional sequence-based
models often fail to capture these complex inter-
dependencies, whereas graph neural networks can
explicitly model the conversational structure and
propagate information across related utterances,
leading to more robust emotion recognition.

The teacher-student paradigm enables system-
atic knowledge transfer from the high-performing
text modality to weaker audio/visual modalities.
This approach not only improves individual modal-
ity performance but also enhances the overall mul-
timodal fusion by providing more balanced and in-
formative representations from each modality.
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3.4.1 Graph Architecture Design

The design of modality-specific graph architec-
tures reflects the fundamental differences in how
information is structured and processed across dif-
ferent input channels.These architectural choices
are crucial for effective knowledge transfer and op-
timal representation learning.

The teacher text model uses Graph Attention
Networks (GAT) (Velickovic et al., 2017) with 4
layers and multi-head attention to capture seman-
tic dependencies. GATSs are particularly suitable
for textual data due to their ability to dynamically
weight the importance of different neighboring ut-
terances based on semantic similarity and contex-
tual relevance. The attention mechanism allows
the model to focus on emotionally significant con-
textual information while filtering out irrelevant
conversational noise.

Student models employ modality-appropriate
architectures that respect the unique characteris-
tics of their input domains. Graph Convolutional
Networks (GCN) (Kipf and Welling, 2016) are
used for audio processing due to homogeneous
temporal patterns where adjacent audio segments
typically exhibit smooth transitions and consistent
acoustic properties. The spectral convolution in
GCNs is well-suited for capturing these gradual
variations in acoustic features across time.

For visual processing, we employ GAT to
handle heterogeneous facial region relationships
where different facial components (eyes, mouth,
eyebrows) may have varying importance for emo-
tion expression. The attention mechanism en-
ables dynamic weighting of different facial re-
gions based on their relevance to the current emo-
tional state, allowing the model to adapt to person-
specific expression patterns and cultural differ-
ences in emotional display.

3.4.2 Distillation Loss

The knowledge distillation process requires care-
ful balance between preserving the student
model’s ability to learn from ground truth labels
and incorporating the rich knowledge embedded
in teacher predictions. Our composite distillation
loss addresses this challenge through a weighted
combination of classification and knowledge trans-
fer objectives.

The composite distillation loss combines classi-

fication and knowledge transfer:
Lais :O‘dis»cce(fs(xs)a y) + (1 - adis)’

Lk (fs(xs)/Tdi57 ft(xt)/Tdis) 7—31'37 (10)
where f, and f; are student and teacher models.

Lce and L1, are the standard cross-entropy loss
and Kullback-Leibler divergence (see Appendix A
for the definitions).

3.5 Hierarchical Attention Fusion

Our fusion framework addresses the fundamen-
tal challenge of integrating heterogeneous multi-
modal information with varying reliability, tempo-
ral alignment, and semantic granularity. The hier-
archical design enables progressive information re-
finement through multiple processing stages, each
addressing specific aspects of multimodal integra-
tion. The framework integrates multimodal fea-
tures through five stages: projection, quality as-
sessment, cross-modal attention, transformer en-
coding, and ensemble prediction. The five-stage
design reflects a principled approach to multi-
modal fusion: first standardizing feature represen-
tations, then assessing their quality, enabling cross-
modal information exchange, modeling complex
dependencies, and finally generating robust pre-
dictions with uncertainty estimation. This progres-
sion ensures that each stage builds upon previous
refinements while adding specific capabilities es-
sential for robust emotion recognition.

3.5.1 Adaptive Fusion Gates

Quality assessment and adaptive gating are criti-
cal for handling the varying reliability of differ-
ent modalities under different conditions. For in-
stance, visual features may be unreliable under
poor lighting conditions, while audio features may
be degraded by background noise. Our adaptive
gating mechanism dynamically adjusts the contri-
bution of each modality based on multiple quality
indicators:

Q™ = clamp(o (W™ 44

stats?

) id) 1,0.1,1.0). (1)
We define three complementary indicators:
(m) O
Qstats = (m) e ) (12)

Ointra + Estats

(m) (m) : :
where o, . and o, . are inter-class and intra-class

variances for modality m, and €y is @ small con-
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stant added for numerical stability.

qéntropy N Z Z p(l ) log p((ji7m), (13)

i=1 c=1
where p((;i’m) is the probability of class ¢ from

modality m for sample <.
(m) _ m rr(m m
o(wim™ - H™ 4 pim).

neural = (14)
where H(") is the mean feature representation of
modality m.

Dynamic gates control information flow using

global context as:

H;Z?ed =GmoHM, (15)
G(m) = U(W( )[H(m) Cglobal]) (16)
Cyiobal = ZQ(m /Z Q' 1n

3.5.2 Cross-Modal Attention and Integration

Multi-head cross-modal attention enables informa-
tion exchange between modalities:

H™) alm CI‘OSSAttn(H ted)"i_ﬁcross m)

Cross C’I“OSS
(18)
Before cross-modal integration, we further em-
ploy a Mixture-of-Experts (MoE) (Cai et al., 2025)
layer in the fusion stage. These layers dy-
namically route modality-specific representations
across multiple experts, allowing the model to cap-
ture diverse feature subspaces and provide richer
inputs to the subsequent transformer encoder. Fea-
tures are then processed through transformer en-
coders and hierarchical attention pooling with
learnable queries to generate final predictions. The
transformer encoders capture complex dependen-
cies within the fused representations, while hier-
archical attention pooling extracts complementary
aspects of emotional information that contribute to
robust classification.

3.6 Composite Classification Loss

Class imbalance and hard sample mining repre-
sent significant challenges in real-world conversa-
tional emotion datasets. Standard cross-entropy
loss tends to be dominated by frequent classes,
leading to poor performance on minority emotions
that are often crucial for comprehensive emotional
understanding. To address these, we propose a
composite classification loss function combining
polynomial focusing, label smoothing, and super-
vised contrastive learning.

The polynomial loss formulation (Leng et al.,
2022) provides an approach to hard sample min-

gated®

ing compared to traditional focal loss. While fo-
cal loss uses exponential decay that can be too ag-
gressive for extremely imbalanced datasets, poly-
nomial loss offers more controlled focusing that
adapts to the specific characteristics of conversa-
tional emotion data. Our main classification loss
extends cross-entropy with polynomial focusing:
Lee + Oépoly(l - Pyi)H%"ly, (19)
where p,, is the predicted probability for true class
i, and the polynomial term provides adaptive fo-
cusing on difficult examples.

The integration of multiple loss components re-
quires balancing to ensure that each component
contributes effectively to the overall training objec-
tive without creating conflicting gradients or unsta-
ble training dynamics. The final training objective
for modality fusion combines classification, label
smoothing, and supervised contrastive learning:

£comp =

['fusion = Ofcomp£comp + (1 - O‘comp)'csmooth
+ Acontﬁcont- (20)

The label smoothing loss (Miiller et al., 2019)
is defined as cross-entropy between the predicted
distribution and a smoothed target distribution. Su-
pervised contrastive learning (Khosla et al., 2020)
uses normalized feature projections to enhance dis-
crimination between similar emotions. We follow
the conventional use of the two objectives. Im-
plementation details of Lg,00tn and Leont are de-
scribed in Appendix B to be self-contained.

4 Experiments

4.1 Datasets and Experimental Setup

We evaluate our framework on two widely-used
conversational emotion recognition benchmarks:

MELD (Poria et al., 2018): A large-scale
dataset extracted from TV show Friends. The
dataset exhibits severe class imbalance with neu-
tral (47.1%) dominating, while disgust (2.7%) and
fear (2.7%) are severely under-represented.

IEMOCAP (Busso et al.,, 2008): A care-
fully constructed dataset from laboratory-recorded
dyadic conversations. This dataset provides higher
annotation quality and more balanced class distri-
bution compared to MELD.

Following standard protocols, we use the offi-
cial train/validation/test splits for MELD and 5-
fold cross-validation for IEMOCAP. We report
weighted F1 (WF1) scores as the primary metric
due to class imbalance considerations, along with
class-specific F1 scores for detailed analysis.
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Anger Disgust Fear Joy Neut. Sad. Surp. Average
(1109) (271) (268) (1743) (4710) (683) (1205) Acc. WF1

DialogueGCN 36.6 6.7 29 443 547 219 41.8 41.8 425
DialogueRNN 41.5 1.7 1.3 73.6 559 240 50.7 41.1 494
QMNN 432 00 00 514 770 11.7 532 59.7 59.0
IterativeERC 489 194 33 56.6 77.5 23.6 53.7 61.7 60.1
MultiEMO 54.0 28.0 240 64.8 80.0 435 583 674 66.6
TelME 559 222 222 652 809 434 602 684 67.3

Our Method 57.8 29.0 30.5 66.7 79.7 44.6 61.2 68.8 67.8

Methods

Table 1: Performance comparison on MELD. Numbers
in parentheses indicate sample counts.

Depending on each dataset, we compare our
method against representative past works (Ghosal
etal., 2019; Majumder et al., 2019; Lu et al., 2020;
Lietal., 2021a,b; Joshi et al., 2022; Li et al., 2023;
Shi and Huang, 2023; Yun et al., 2024).

4.2 Implementation Details

Our method is implemented using PyTorch 1.12+
and trained on a NVIDIA RTX 3090 GPU. We use
the AdamW optimizer. Model training except for
data pre-processing (i.e., KD & Fusion parts with
3M parameters) requires 30 to 50 minutes. Ap-
pendix C shows all hyperparameter values. We re-
port results averaged over 5 independent runs.

4.3 Performance Analysis

MELD Dataset Performance: Table 1 presents
comprehensive per-class results on MELD, reveal-
ing the effectiveness of our approach on severely
imbalanced classes. On MELD, our framework
achieves 67.8% weighted F1, representing signif-
icant improvements over the strongest baseline
TeIME (Yun et al., 2024). Our results demon-
strate statistically significant improvements with p
< 0.01 (Appendix F), validating the robustness of
our approach. More importantly, we demonstrate
substantial improvements on severely underrepre-
sented emotions: disgust (29.0% vs. 28.0% best
baseline) and fear (30.5% vs. 24.0%), addressing
critical limitations in minority class recognition.
Our framework demonstrates particularly
strong performance on challenging minority
classes, with notable improvements in disgust
(+1.0% point) and fear (+6.5% points) recognition
compared to the best baselines. These improve-
ments are crucial for practical applications where
minority emotion detection is often most critical.

IEMOCAP Dataset Performance: Table 2
shows our balanced performance across IEMO-
CAP’s emotion categories, maintaining strong

Happy Sad Neut. Angry Excited Frus. Average
(392) (739) (1167) (711) (620) (1149) Acc. WF1

DialogueGCN 427 84.5 63.6 641 632 67.0 653 642
CTNet 513 799 658 673 787 589 68.0 67.5
COGMEN 520 81.8 687 660 754 682 683 67.7
IterativeERC 502 772 613 615 69.2 60.9 66.2 644

Methods

QMNN 39.7 683 553 626 667 622 61.559.9
TelME 50.8 80.4 665 662 735 67.1 669 68.6
JOYFUL 56.5 843 684 669 734 67.6 70.6 71.0

MultiEMO 527 832 70.0 657 729 70.0 71.5 71.2
Our Method 57.8 83.0 71.6 683 728 719 719 724

Table 2: Performance comparison on [IEMOCAP. Num-
bers in parentheses indicate sample counts.

Configuration MELD IEMOCAP
w/o Speaker Identification -2.6 -1.4
w/o Fusion Loss -2.0 -1.2
w/o Knowledge Distillation -1.9 -1.2
w/o Cross-Modal Attention -1.1 -0.4
w/o Adaptive Gating -1.0 -0.7
w/o Polynomial Loss -0.9 -0.8
w/o Contrastive Learning -0.9 -0.6

Table 3: Ablation results showing the performance
drop in A WF1 (points) when removing each compo-
nent from the full model, relative to the results reported
in Table 1 and Table 2.

recognition across all emotion types. On IEMO-
CAP, we achieve 72.4% weighted F1, a signifi-
cant 1.2% improvement over MultiEMO (Shi and
Huang, 2023), with consistent performance gains
across emotion categories while maintaining bal-
anced recognition across all classes.

Additional Analysis: The comparison result be-
tween unimodal and multimodal models is pro-
vided in Table 5 in Appendix D. Confusion matri-
ces for the main results are shown in Appendix E

4.4 Ablation Study and Error Analysis

Table 3 presents an ablation study in which each
component is removed from the complete system.
This setting allows a direct interpretation of how
each module contributes to reducing specific types
of errors.

Removing speaker identification results in the
largest performance degradation on both datasets.
Without explicit speaker identification, the model
always selects the first detected face, which often
corresponds to a non-speaking participant. Error
inspection shows that this leads to frequent attribu-
tion of emotions to the wrong speaker, especially
in multi-party conversations. This issue is more
severe on MELD, where speaker turns are shorter
and the number of participants is larger.
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The fusion loss and knowledge distillation are
the next most influential components. When the
fusion loss is removed and the objective degener-
ates to standard cross-entropy, confusion among
minority emotion categories increases noticeably,
indicating reduced robustness under class imbal-
ance. Similarly, removing knowledge distillation
weakens cross-modal alignment, resulting in more
errors when one modality is unreliable or contra-
dictory. These errors are often observed in sam-
ples where acoustic and textual cues convey differ-
ent emotional tendencies.

Cross-modal attention and adaptive gating
mainly affect cases with modality ambiguity.
Without cross-modal attention, the model strug-
gles to resolve conflicts between modalities, lead-
ing to misclassification in samples where emotions
are subtly expressed. Removing adaptive gating
further increases modality dominance errors, with
the model relying excessively on textual features,
particularly on MELD, where audio and visual sig-
nals carry strong emotional information.

Finally, removing the polynomial loss causes a
moderate but consistent drop in performance. This
suggests that the polynomial formulation helps
control overconfident predictions on hard samples,
reducing misclassification of less frequent emo-
tions. In comparison, contrastive learning shows
a smaller impact, indicating that it plays a comple-
mentary but less central role in the overall error
reduction.

Overall, this ablation and error analysis clari-
fies that speaker identification and fusion-related
objectives primarily address structural errors in
multi-party settings, while cross-modal attention,
adaptive gating, and polynomial loss reduce
modality bias and class-specific misclassification.
Representative qualitative visualizations that con-
cretely illustrate these error patterns are presented
in Appendix G.

5 Conclusion

We present a comprehensive framework for multi-
modal conversational emotion recognition that sys-
tematically addresses speaker identification and
class imbalance challenges through three key inno-
vations. Our LipSyncNet-based speaker identifica-
tion integrates audio-visual synchronization learn-
ing directly into the emotion recognition pipeline,
eliminating error propagation from preprocessing
steps. Cross-modal knowledge distillation suc-

cessfully transfers superior textual understanding
to audio and visual modalities through graph-
based architectures. Hierarchical attention fusion
with composite loss functions effectively handles
severe class imbalance while maintaining strong
overall performance.

Experimental results demonstrate state-of-the-
art performance on both MELD and IEMOCAP,
with particularly notable improvements on chal-
lenging minority emotions that are crucial for com-
prehensive emotional understanding. The frame-
work shows practical viability with reasonable
computational requirements and robust perfor-
mance across different experimental conditions.

Key contributions include: (1) integrating
speaker identification as a learnable component
rather than preprocessing step, (2) systematic
knowledge transfer across modalities using graph-
based teacher-student frameworks, and (3) com-
posite loss functions that effectively address se-
vere class imbalance in conversational scenarios.

Limitations

Our evaluation focuses primarily on English con-
versational data from specific domains (TV shows,
laboratory recordings). Cross-lingual and cross-
cultural generalization requires further investiga-
tion, particularly for languages with different
prosodic patterns or cultural expression norms.

The composite classification loss function intro-
duces additional hyperparameters requiring care-
ful tuning for different datasets and domains.

In addition, both evaluation benchmarks present
limited challenges in terms of overlapping speech.
IEMOCAP contains no overlapping speech, and
overlaps are relatively rare in MELD. As a result,
our speaker-centric processing is designed mainly
for turn-level speaker identification and does not
explicitly address severe speaker overlap, visual
occlusion, or partial face visibility. Handling such
complex interaction patterns remains an open di-
rection and will be addressed in future work.
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A Cross-entropy loss and KL divergence

The cross-entropy loss is defined as:

C
Lee =— Z Ye log pe,
c=1

where C' is the number of classes, y. € {0,1} is
the ground-truth one-hot label, and p, is the pre-
dicted probability.

The KullbackLeibler divergence is defined as:

Zpt )

where p;(c) and ps(c ) are teacher and student prob-
abilities after temperature scaling.

2n

Lrr(ps,pt) (22)

B Label Smoothing and Supervised
Contrastive Learning

The label smoothing loss (Miiller et al., 2019) is
defined as cross-entropy between the predicted dis-
tribution and a smoothed target distribution:

C
Lsmooth = — Z qclog pe.
c=1
where p,. is the predicted probability for class ¢, C
is the number of classes, and ¢, is the smoothed
target distribution.

1 — €smooth + ﬁsmomhy ifc=y,
qec = .
Samouth, otherwise.

(23)

(24)

where y is the ground-truth class, and €gmooth
is the smoothing ratio. It prevents overconfi-
dence and improves generalization by encourag-
ing the model to be less certain about its predic-
tions, which is particularly beneficial for minor-
ity classes where limited training data may lead
to overfitting (Miiller et al., 2019).

Supervised Contrastive learning (Khosla
et al., 2020) uses normalized feature projections to
enhance discrimination between similar emotions.
Let h; € R% denote the fused representation of
the i-th sample before the classifier (where dy is
the fusion dimension), and let g(-) : R% — R%
be a two-layer MLP projection head. We obtain
L2-normalized projections as

g9(h;) 2t = g(flz)

lg(hi)l2” " [g(hy)]e”
where h; is a positive sample for hi obtained ei-
ther from an augmentation of the same instance or
from another instance with the same ground-truth

label within the mini-batch. All negatives zj are

(25)

P =

the projections of the remaining instances in the
mini-batch with j # ¢. The contrastive objective
is

exp(zl 'z} /Teont)

>t exp(z 2 /Teont)

cont T AT Zl

(26)
with temperature parameter 7cont.
C Hyperparameter Settings
Parameter Value
Batch size 16
Number of epochs 30
Dropout rate 0.35
Fusion dimension 256
Gradient clipping (maximum norm) 1.0
Learning rate (Text) 8 x 107°
Learning rate (Audio) 6 x 107°
Learning rate (Visual) 6 x 107°
Learning rate (Fusion) 4x107°
Weight decay (all modules) 0.001
Adis 0.3
Asyne 0.15
margin m 1.5
Qsync 0.7
Qpoly 1.2
Qcross 0.7
ﬁcross 0.3
Vpoly 1.2
Olcomp 0.8
)\cont 0.1
Teont 0.07
€stats 1x107°
€smooth 0.1
Distillation temperature 7; 2.0

Distillation balance ;g 0.65

Table 4: Hyperparameter configurations used in our ex-
periments.

The balance parameter ag;s = 0.65 gives slightly
more weight to ground truth supervision, ensur-
ing that student models maintain their discrimina-
tive ability while benefiting from teacher guidance.
The temperature parameter 74,; = 2.0 softens the
probability distributions, allowing the student to
learn from the teacher’s uncertainty patterns and
confidence levels, which often contain valuable in-
formation about decision boundaries and class re-
lationships.
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D Modality Performance Analysis

D.1 Modality-Specific Performance Analysis

Table 5 presents a comprehensive analysis of indi-
vidual modality contributions and their fusion ef-
fectiveness. This analysis provides crucial insights
into the relative importance of different modalities
in conversational emotion recognition tasks.

Models MELD IEMOCAP
Only Visual 37.8 32.5
Only Visualy/o LipsyncNet 334 30.1
Only Audio 47.3 48.4
Only Text 66.1 68.7
Fusion Model 67.8 72.4

Table 5: Unimodal vs. Multimodal Performance Com-
parison (WF1 scores).

The results reveal several important findings
about modality contributions in conversational
emotion recognition: Text Modality Dominance:
Text emerges as the most informative modality,
achieving 66.1% and 68.7% WF1 on MELD and
IEMOCAP respectively. This demonstrates that
linguistic content carries the primary emotional
signals in conversational contexts, consistent with
the rich semantic information available in spoken
language. Audio Modality Contribution: Audio
modality shows moderate performance (47.3% on
MELD, 48.4% on IEMOCAP), capturing prosodic
and paralinguistic cues that complement textual in-
formation. The stronger performance on IEMO-
CAP suggests that laboratory-recorded conversa-
tions may preserve more nuanced acoustic features
compared to TV show audio. Visual Modality
Challenges: Visual features show the lowest indi-
vidual performance (37.8% on MELD, 32.5% on
IEMOCAP), highlighting the inherent difficulty
of emotion recognition from facial expressions
alone in conversational settings. The inclusion
of LipSyncNet provides a meaningful contribution
(+4.4% on MELD, +2.4% on IEMOCAP), demon-
strating the value of audio-visual synchronization
features for emotion understanding. Fusion Ben-
efits: The multimodal fusion model achieves sub-
stantial improvements over the best single modal-
ity (text), with gains of +1.7% on MELD and
+3.7% on IEMOCAP. These improvements vali-
date our fusion strategy’s effectiveness in lever-
aging complementary information across modali-

ties, particularly the integration of prosodic audio
cues and synchronized visual features with seman-
tic text information.

E Detailed Performance Tables and
Confusion Matrices

E.1 MELD Dataset Results

Fusion Model Confusion Matrix (Raw Counts)

Dataset: MELD, Modalities: vat 1000
neutral H 49 30 39 69 14 42
800
surprise- 37 179 (5] 6 30 6 18
fear 13 7 23 2 3 1 1
3 600
E} -
© €
-l sadness. 60 11 19 81 9 a4 24 g
g o
# N 400
joy- 73 26 6 8 268 8 13
disgust 21 3 4 a4 2 19 15

200
anger- 68 29 14 15 21 12 186

< o x £
& & o 9 o""g

N O
& 8“'9 2

Predicted Label

Figure 2: Confusion matrix for emotion classification
on MELD dataset showing improved performance on
minority emotion classes.

E.2 IEMOCAP Dataset Results

Fusion Model Confusion Matrix (Raw Counts)
Dataset: IEMOCAP, Modalities: vat

neutral H 42 18 11 15 12 250

frustration 60

sadness- 11

True Label

anger 12 37 6 LS} 4] 1]
100

excited 29 2 8 1 H 56

50
happiness 17 1] 3 V] 36 87
> 9 o > 9
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Figure 3: Confusion matrix for emotion classification
on IEMOCAP dataset demonstrating balanced perfor-
mance across emotion categories and clear separation
between positive and negative emotional states.

F Statistical Significance Analysis

We wvalidate our improvementon MELD and
IEMOCAP through rigorous statistical signif-
icance testing against the strongest baselines
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Methods Anger Disgust Fear Joy  Neutral Sadness Surprise Average
(1109) (271) (268) (1743) (4710) (683) (1205) Acc. WF1
DialogueGCN  36.56 6.73 2.85 4426 5472 21.87 4178  41.75 4246
DialogueRNN  41.53 1.74 1.25 7356 5594 23.97 50.73 41.09 4943
QMNN 43.17 0.00 0.00 5144  77.00 11.70 53.18 59.66 59.03
IterativeERC 48.88 19.38 331  56.63 77.52 23.62 53.65 61.66 60.07
MultiEMO 54.02  28.00 24.00 64.79 80.02 43.45 58.28 67.39 66.55
TeIME 5591 2222 2222 6524 80.88 43.41 60.17 68.35 67.30
Our Method 57.76  28.79 3046 66.67 79.73 44.63 61.20 68.78 67.75

Table 6: Detailed performance comparison on MELD
indicate sample counts.

dataset with 2 decimal places. Numbers in parentheses

Methods Happy Sad Neutral Angry Excited Frustrated Average
392) (739 @a167) (711 (620) (1149) Acc. WF1
DialogueGCN  42.73  84.52  63.56 64.13 63.17 66.95 65.26 64.18
CTNet 5134 7993 65.84 67.26  78.72 58.89 68.04 67.53
COGMEN 5196 81.75 68.68 66.04  75.38 68.24 68.27 67.65
IterativeERC 50.17  77.19  61.31 61.45 69.23 60.92 66.21 64.37
QMNN 39.71  68.30  55.29 62.58 66.71 62.19 61.52 59.88
TeIME 50.84 80.36  66.47 66.18 73.54 67.09 66.85 68.56
JOYFUL 56.53 8433  68.42 66.90  73.40 67.61 70.63 70.90
MultiEMO 52.65 83.18 70.02 65.74  72.88 69.98 7146 71.18
Our Method 57.81 83.04 71.59 68.25  72.76 71.93 71.94 72.44

Table 7: Detailed performance comparison on IEMOCAP dataset with 2 decimal places. Numbers in parentheses

indicate sample counts.

(TeIME and MIutiEMO, respectively) using paired
t-tests over 5 independent runs with different ran-
dom seeds.

Dataset Method Mean WF1 p-value
MELD TelME 67.30 +0.05

Our Method 67.75 + 0.07 0.008
IEMOCAP MultiEMO  71.18 +0.09

Our Method 72.44 +0.12 0.004

Table 8: Statistical significance test results.

G Qualitative Error Analysis and
Visualization

Figure 4 provides representative qualitative visu-
alizations to complement the quantitative ablation
and error analysis discussed in the main paper. For
each emotion category, we present one represen-
tative sample, including the original video frame,

the ground-truth emotion distribution, the predic-
tion of the full model, and the predictions obtained
after removing a specific module. The emotion dis-
tributions are visualized as horizontal color bars,
where each color corresponds to one emotion class
and the bar length indicates the predicted probabil-

1ty.
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Figure 4: Error Analysis
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