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LIÊN QUAN ĐẾN LUẬN ÁN 
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Abstract

Emotion recognition is a crucial task for hu-
man conversation understanding. It becomes
more challenging with the notion of multi-
modal data, e.g., language, voice, and facial
expressions. As a typical solution, the global-
and the local context information are exploited
to predict the emotional label for every sin-
gle sentence, i.e., utterance, in the dialogue.
Specifically, the global representation could
be captured via modeling of cross-modal in-
teractions at the conversation level. The lo-
cal one is often inferred using the temporal
information of speakers or emotional shifts,
which neglects vital factors at the utterance
level. Additionally, most existing approaches
take fused features of multiple modalities in
an unified input without leveraging modality-
specific representations. Motivating from these
problems, we propose the Relational Temporal
Graph Neural Network with Auxiliary Cross-
Modality Interaction (CORECT), an novel neu-
ral network framework that effectively captures
conversation-level cross-modality interactions
and utterance-level temporal dependencies with
the modality-specific manner for conversation
understanding. Extensive experiments demon-
strate the effectiveness of CORECT via its state-
of-the-art results on the IEMOCAP and CMU-
MOSEI datasets for the multimodal ERC task.

1 Introduction

Our social interactions and relationships are all in-
fluenced by emotions. Given the transcript of a
conversation and speaker information for each con-
stituent utterance, the task of Emotion Recognition
in Conversations (ERC) aims to identify the emo-
tion expressed in each utterance from a predefined
set of emotions (Poria et al., 2019). The multimodal
nature of human communication, which involves
verbal/textual, facial expressions, vocal/acoustic,
bodily/postural, and symbolic/pictorial expressions,
adds complexity to the task of Emotion Recogni-
tion in Conversations (ERC) (Wang et al., 2022).

This isn't anything like I 
thought anything would be.

This is just this…

Oh, sure this is standing on 
the beach, this is waiting, 

fighting.

Right.

...I can't believe it. I never 
thought you would get 

married.

I know me neither.

Oh my gosh.

Just a couple days ago.

Oh my gosh.

excited

excited

excited

excited

excited

sad

sad

sad

angry

neutral

ID: Ses01M_script02_2 ID: Ses05F_impro03

: Speaker 1 : Speaker 2

Emotion EmotionUtterance text Utterance text

Figure 1: Examples of temporal effects on conversations

Multimodal ERC, which aims to automatically de-
tect the a speaker’s emotional state during a conver-
sation using information from text content, facial
expressions, and audio signals, has garnered signif-
icant attention and research in recent years and has
been applied to many real-world scenarios (Sharma
and Dhall, 2021; Joshi et al., 2022).

Massive methods have been developed to model
conversation’s context. These approaches can be
categorized into two main groups: graph-based
methods (Ghosal et al., 2019; Zhang et al., 2019;
Shen et al., 2021b) and recurrence-based meth-
ods (Hazarika et al., 2018a; Ghosal et al., 2020;
Majumder et al., 2019; Hu et al., 2021). In addi-
tion, there have been advancements in multimodal
models that leverage the dependencies and com-
plementarities of multiple modalities to improve
the ERC performance (Poria et al., 2017; Hazarika
et al., 2018b; Zadeh et al., 2018). One limitation
of these methods is their heavy reliance on nearby
utterances when updating the state of the query
utterance, which can restrict their overall perfor-
mance. Recently, Graph Neural Network (GNN)-
based methods have been proposed for the mul-
timodal ERC task due to their ability to capture
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long-distance contextual information through their
relational modeling capabilities. However, those
models rely on fused inputs being treated as a sin-
gle node in the graph (Ghosal et al., 2019; Joshi
et al., 2022), which limits their ability to capture
modality-specific representations and ultimately
hampers their overall performance.

The temporal aspect of conversations is crucial,
as past and future utterances can significantly influ-
ence the query utterance as Figure 1. The sentence
“I know me neither” appears with opposing labels
on different dialogues, which could be caused by
sequential effects from previous or future steps.
There are only a few methods that take into account
the temporal aspect of conversations. MMGCN
(Wei et al., 2019) represents modality-specific fea-
tures as graph nodes but overlooks the temporal
factor. DAG-ERC (Shen et al., 2021b) incorpo-
rates temporal information, but focuses solely on
text modality. Recently, COGMEN (Joshi et al.,
2022) proposes to learn contextual, inter-speaker,
and intra-speaker relations, but neglects modality-
specific features and partially utilizes cross-modal
information by fusing all modalities’ representa-
tions at the input stage.

The aforementioned limitations motivate us
to propose a COnversation understanding model
using RElational Temporal Graph Neural Net-
work with Auxiliary Cross-Modality Interaction
(CORECT). It comprises two key components:
the (i) Relational Temporal Graph Convolutional
Network (RT-GCN); and the (ii) Pairwise Cross-
modal Feature Interaction (P-CM). The RT-GCN
module is based on RGCNs (Schlichtkrull et al.,
2018) and GraphTransformer (Yun et al., 2019)
while the P-CM is built upon (Tsai et al., 2019).
Overall, our main contributions are as follows:

• We propose the CORECT framework for Mul-
timodal ERC, which concurrently exploit the
utterance-level local context feature from mul-
timodal interactions with temporal dependen-
cies via RT-GCN, and the cross-modal global
context feature at the conversation level by
P-CM. These features are aggregated to en-
hance the performance of the utterance-level
emotional recognition.

• We conduct extensive experiments to show
that CORECT consistently outperforms the
previous SOTA baselines on the two publicly
real-life datasets, including IEMOCAP and
CMU-MOSEI, for the multimodal ERC task.

• We conduct ablation studies to investigate the
effect of various components and modalities
on CORECT for conversation understanding.

2 Related Works

This section presents a literature review on Multi-
modal Emotion Recognition (ERC) and the appli-
cation of Graph Neural Networks for ERC.

2.1 Multimodal Emotion Recognition in
Conversation

The complexity of conversations, with multiple
speakers, dynamic interactions, and contextual de-
pendencies, presents challenges for the ERC task.
There are efforts to model the conversation context
in ERC, with a primary focus on the textual modal-
ity. Several notable approaches include CMN
(Hazarika et al., 2018b), DialogueGCN (Ghosal
et al., 2019), COSMIC (Ghosal et al., 2020), Dia-
logueXL (Shen et al., 2021a), DialogueCRN (Hu
et al., 2021), DAG-ERC (Shen et al., 2021b).

Multimodal machine learning has gained popu-
larity due to its ability to address the limitations
of unimodal approaches in capturing complex real-
world phenomena (Baltrušaitis et al., 2018). It is
recognized that human perception and understand-
ing are influenced by the integration of multiple
sensory inputs. There have been several notable
approaches that aim to harness the power of multi-
ple modalities in various applications (Poria et al.,
2017; Zadeh et al., 2018; Majumder et al., 2019),
etc. CMN (Hazarika et al., 2018b) combines fea-
tures from different modalities by concatenating
them directly and utilizes the Gated Recurrent Unit
(GRU) to model contextual information. ICON
(Hazarika et al., 2018a) extracts multimodal con-
versation features and employs global memories to
model emotional influences hierarchically, result-
ing in improved performance for utterance-video
emotion recognition. ConGCN (Zhang et al., 2019)
models utterances and speakers as nodes in a graph,
capturing context dependencies and speaker depen-
dencies as edges. However, ConGCN focuses only
on textual and acoustic features and does not con-
sider other modalities. MMGCN (Wei et al., 2019),
on the other hand, is a graph convolutional net-
work (GCN)-based model that effectively captures
both long-distance contextual information and mul-
timodal interactive information.

More recently, Lian et al. Lian et al. (2022)
propose a novel framework that combines semi-
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supervised learning with multimodal interactions.
However, it currently addresses only two modali-
ties, i.e., text and audio, with visual information
reserved for future work. Shi and Huang (2023)
introduces MultiEMO, an attention-based multi-
modal fusion framework that effectively integrates
information from textual, audio and visual modal-
ities. However, neither of these models addresses
the temporal aspect in conversations.

2.2 Graph Neural Networks

In the past few years, there has been a growing in-
terest in representing non-Euclidean data as graphs.
However, the complexity of graph data has pre-
sented challenges for traditional neural network
models. From initial research on graph neural net-
works (GNNs)(Gori et al., 2005; Scarselli et al.,
2008), generalizing the operations of deep neural
networks were paid attention, such as convolution
(Kipf and Welling, 2017), recurrence (Nicolicioiu
et al., 2019), and attention (Velickovic et al., 2018),
to graph structures. When faced with intricate inter-
dependencies between modalities, GNN is a more
efficient approach to exploit the potential of mul-
timodal datasets. The strength of GNNs lies in its
ability to capture and model intra-modal and inter-
modal interactions. This flexibility makes them an
appealing choice for multimodal learning tasks.

There have been extensive studies using the ca-
pability of GNNs to model the conversations. Di-
alogueGCN (Ghosal et al., 2019) models conver-
sation using a directed graph with utterances as
nodes and dependencies as edges, fitting it into a
GCN structure. MMGCN (Wei et al., 2019) adopts
an undirected graph to effectively fuse multimodal
information and capture long-distance contextual
and inter-modal interactions. Lian et al. (2020)
proposed a GNN-based architecture for ERC that
utilizes both text and speech modalities. Dialogue-
CRN (Hu et al., 2021) incorporates multiturn rea-
soning modules to extract and integrate emotional
clues, enabling a comprehensive understanding of
the conversational context from a cognitive per-
spective. MTAG (Yang et al., 2021) is capable of
both fusion and alignment of asynchronously dis-
tributed multimodal sequential data. COGMEN
(Joshi et al., 2022) uses GNN-based architecture to
model complex dependencies, including local and
global information in a conversation. Chen et al.
(2023) presents Multivariate Multi-frequency Mul-
timodal Graph Neural Network, M3Net for short,

to explore the relationships between modalities and
context. However, it primarily focuses on modality-
level interactions and does not consider the tempo-
ral aspect within the graph.

3 Methodology

Figure 2 illustrates the architecture of CORECT
to tackle the multimodal ERC task. It consists
of main components namely Relational Temporal
Graph Convolution Network (RT-GCN) and Pair-
wise Cross-modal Feature Interaction. For a given
utterance in a dialogue, the former is to learn the
local-context representation via leveraging various
topological relations between utterances and modal-
ities, while the latter infers the cross-modal global-
context representation from the whole dialogue.

Given a multi-speaker conversation C consisting
of N utterances [u1, u2, . . . , uN ], let us denote S
as the respective set of speakers. Each utterance
ui is associated with three modalities, including
audio (a), visual (v), and textual (l), that can be
represented as uai , u

v
i , u

l
i respectively. Using local-

and global context representations, the ERC task
aims to predict the label for every utterance ui ∈ C
from a set of M predefined emotional labels Y =
[y1, y2, . . . , yM ].

3.1 Utterance-level Feature Extraction

Here, we perform pre-processing procedures to ex-
tract utterance-level features to facilitate the learn-
ing of CORECT in the next section.

3.1.1 Unimodal Encoder
Given an utterance ui, each data modality mani-
fests a view of its nature. To capture this value, we
employ dedicated unimodal encoders, which gen-
erate utterance-level features, namely xai ∈ Rda ,
xvi ∈ Rdv , xli ∈ Rdl for the acoustic, visual, and
lexical modalities respectively, and da, dv, dl are
the dimensions of the extracted features for each
modality.

For textual modality, we utilize a Transformer
(Vaswani et al., 2017) as the unimodal encoder to
extract the semantic feature xli from uli as follows:

xli = Transformer(uli,Wl
trans) (1)

where Wl
trans is the parameter of Transformer to

be learned.
For acoustic and visual modalities, we employ a

fully-connected network as the unimodal encoder
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Figure 2: Framework illustration of CORECT for the multimodal emotion recognition in conversations

to extract context features for each modality type
via the following procedure:

xτi = FC(uτi ;Wτ
fc), τ ∈ {a, v} (2)

where FC is the fully connected network, Wτ
fc ∈

Rdτ×dτin are trainable parameters; dτin is the input
dimension of modality τ

3.1.2 Speaker Embedding
Inspired by MMGCN (Wei et al., 2019), we lever-
age the significance of speaker information. Let
us define Embedding as a procedure that takes
the identity of speakers and produce the respective
latent representations. The embedding of multi-
speaker could be inferred as:

Semb = Embedding(S,NS) (3)

where Semb ∈ RN×NS and NS is the total num-
ber of participants in the conversation. The ex-
tracted utterance-level feature could be enhanced
by adding the corresponding speaker embedding:

Xτ = ηSemb + Xτ , τ ∈ {a, v, l} (4)

where Xτ ∈ RN×dτ refers to the global-context
representation from the whole dialogue obtained
from the respective unimodal encoder; Xτ repre-
sents the enhanced representation with the inclu-
sion of the speaker embedding; η ∈ [0, 1] indicates
the contribution ratio.

3.2 Relational Temporal Graph Convolutional
Network (RT-GCN)

RT-GCN is proposed to capture local context in-
formation for each utterance in the conversation
via exploiting the multimodal graph between utter-
ances and their modalities.

3.2.1 Multimodal Graph Construction
Let us denote G(V,R, E) as the multimodal graph
built from conversations, where {V, E ,R} refers to
the set of utterance nodes with the three modality
types (|V| = 3 × N), the set of edges and their
relation types. Figure 3 provides an illustrative
example of the relations represented on the con-
structed graph.

Nodes. Each utterance ui generates three nodes
uai , uvi , and uli, which xai , xvi , and xli are the respec-
tive audio, visual, and lexical feature vectors.

Edges. The edge (uτi , u
τ
j , rij) ∈ E , τ ∈ {a, v, l}

represents the interaction between uτi and uτj with
the relation type rij ∈ R. In the scope of paper,
we consider two groups of relations: Rmulti and
Rtemp. Specifically, Rmulti represents the intra
connections between the three modalities within
the same utterance, reflecting multimodal interac-
tions. On the other hand,Rtemp captures the inter
connections between utterances of the same modal-
ity within a specified time window. This temporal
relationship includes past/previous utterances de-
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noted as P and next/future utterances denoted as
F . As a result, there are 15 edge types created with
the definitions of the two groups.

Multimodal Relation. Emotions in dialogues can-
not be solely conveyed through lexical, acoustic,
or visual modalities in isolation. The interactions
between utterances across different modalities play
a crucial role. For example, given an utterance in
a graph, its visual node has different interactive
magnitude with acoustic- and textual nodes. Ad-
ditionally, each node has a self-aware connection
to reinforce its own information. Therefore, we
can formalize 9 edge types ofRmulti to capture the
multimodal interactions within the dialogue as:

Rmulti =




{(uai , uvi ), (uvi , uai ), (uai , uai )}
{(uvi , uli), (uli, uvi ), (uvi , uvi )}
{(uli, uai ), (uai , uli), (uli, uli)}

(5)

Temporal Relation. It is vital to have distinct
treatment for interactions between nodes that occur
in different temporal orders (Poria et al., 2017). To
capture this temporal aspect, we set a window slide
[P,F ] to control the number of past/previous and
next/future utterances that are set has connection to
current node uτi . This window enables us to define
the temporal context for each node and capture the
relevant information from the dynamic surrounding
utterances. Therefore, we have 6 edge types of
Rtemp as follows:

Rtemp =

{
{(uj

past→ ui)
τ |i− P < j < i}

{(ui future← uj)
τ |i < j < i+ F}

(6)

where τ ∈ {a, v, l}; i, j ∈ 1, N ; future← and
past→

indicate the past and future relation respectively.

3.2.2 Graph Learning
With the objective of leveraging the nuances and
variations of heterogeneous interactions between
utterances and modalities in the multimodal graph,
we seek to employ Relational Graph Convolutional
Networks (RGCN) (Schlichtkrull et al., 2018). For
each relation type r ∈ R, node representation is
inferred via a mapping function f(H,Wr), where
Wr is the weighted matrix. Aggregating all 15
edge types, the final node representation could be
computed by

∑R
r f(H,Wr).

To be more specific, the representation for the
i-th utterance is inferred as follows:

gτi =
∑

r∈R

∑

j∈Nr(i)

1

|Nr(i)|
Wr · xτi + W0 · xτi (7)
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Figure 3: An example construction of a graph illustrat-
ing the relationship among utterance nodes represent-
ing audio (square), visual (circle), and text (triangle)
modalities with window size [P,F ] = [2, 1] for query
utterance i-th. The solid blue, solid red, and dashed red
arrows indicate cross-modal-, past temporal- and future
temporal connections respectively.

where Nr(i) is the set of the node i’s neighbors
with the relation r ∈ R, W0,Wr ∈ Rdh1×dτ are
learnable parameters (h1 is the dimension of the
hidden layer used by R-GCN), and xτi ∈ Rdτ×1 de-
notes the feature vector of node uτi ; τ ∈ {a, v, l}.

To extract rich representations from node fea-
tures, we utilize a Graph Transformer model (Yun
et al., 2019), where each layer comprises a self-
attention mechanism followed by feed-forward neu-
ral networks. The self-attention mechanism allows
vertices to exploit information from neighborhoods
as well as capturing local and global patterns in
the graph. Given gτi is the representation of ith ut-
terance with modality τ ∈ {a, v, l} obtained from
RGCNs, its representation is transformed into:

oτi = ||Cc=1[W1g
τ
i +

∑

j∈N (i)

ατ
i,jW2g

τ
j ] (8)

where W1,W2 ∈ Rdh2×dh1 are learned parameters
(h2 is the dimension of the hidden layer used by
Graph Transformer); N (i) is the set of nodes that
has connections to node i; || is the concatenation
for C head attention; and the attention coefficient
of node j, i.e., ατ

i,j , is calculated by the softmax
activation function:

ατ
i,j = softmax(

(W3g
τ
i )

⊤(W4g
τ
i )√

d
) (9)

W3,W4 ∈ Rdα×dh1 are learned parameters.
After the aggregation throughout the whole

graph, we obtain new representation vectors:

Gτ = {oτ1 , oτ2 , . . . , oτN} (10)

where τ ∈ {a, v, l} indicates the corresponding
audio, visual, or textual modality.
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3.3 Pairwise Cross-modal Feature Interaction
The cross-modal heterogeneities often elevate the
difficulty of analyzing human language. Exploit-
ing cross-modality interactions may help to reveal
the “unaligned” nature and long-term dependen-
cies across modalities. Inspired by the idea (Tsai
et al., 2019), we design the Pairwise Cross-modal
Feature Interaction (P-CM) method into our pro-
posed framework for conversation understanding.
A more detailed illustration of the P-CM module is
presented in Appendix A.1.2

Given two modalities, e.g., audio a and tex-
tual l, let us denote Xa ∈ RN×da , Xl ∈ RN×dl

as the respective modality-sensitive representa-
tions of the whole conversation using unimodal
encoders. Based on the transformer architecture
(Vaswani et al., 2017), we define the Queries as
Qa = XaWQa , Keys as K l = XlWKl , and Val-
ues as V l = XlWV l . The enriched representation
of Xa once performing cross-modal attention on
the modality a by the modality l, referred to as
CMl→a ∈ RN×dV , is computed as:

CMl→a = σ

(
XaWQa(WKl)⊤(Xl)⊤√

dk

)
XlWV l

(11)

where σ is the softmax function; WQa ∈ Rda×dK ,
WKl ∈ Rdl×dK , and WV l ∈ Rdl×dV are learned
parameters. The value of dQ, dK , dV is the dimen-
sion of queues, keys and values respectively.

√
dk

is a scaling factor and d(.) is the feature dimension.
To model the cross-modal interactions on un-

aligned multimodal sequences, e.g., audio, visual,
and lexical, we utilize D cross-modal transformer
layers. Suppose that Za

[i] is the modality-sensitive
global-context representation of the whole con-
versation for the modality l at the i−th layer;
Za
[0] = Xa. The enriched representation of Z[i]

l de-

noted as Z[i]
l→a by applying cross-modal attention

of the modality l on the modality a is computed as
the following procedure:

Zl→a
[0] = Za

[0]

Zl→a
[i] = CMl→a

[i] (LN(Zl→a
[i−1]),LN(Zl→a

0 ))

+ LN(Zl→a
[i−1])

Zl→a
[i] = (LN(Zl→a

[i] ))FFN + LN(Zl→a
[i] ) (12)

where Z is the intermediate representation; LN is a
layer normalization (Ba et al., 2016), which helps

Dataset
Dialogues Utterances

train valid test train valid test
IEMOCAP

(6-way)
108 12 31 5,146 664 1,623

IEMOCAP
(4-way)

108 12 31 3,200 400 943

MOSEI 2,249 300 646 16,327 1,871 4,662

Table 1: Statistics for IEMOCAP, MOSEI datasets

to stabilize the learning process and enhance the
convergence of the model. LN(Za→v

[i] ))FFN ex-
presses the transformation by the position-wise
feed-forward block as:

LN(Zl→a
[i] ))FFN = max(0,LN(Zl→a

[i] ))Ω1

+ b1)Ω2 + b2 (13)

where Ω1 and Ω2 are linear projection matrices;
b1 and b2 are biases.

Likewise, we can easily compute the cross-
modal representation Z[i]

a→l, indicating that infor-
mation from the modality a is transferred to the
modality l. Finally, we concatenate all representa-
tions at the last layer, i.e., the D−th layer, to get
the final cross-modal global-context representation
Z[D]
a⇄l. For other modality pairs, Z[D]

v⇄l and Z[D]
v⇄a

could be obtained by the similar process.

3.4 Multimodal Emotion Classification
The local- and global context representation re-
sulted in by the RT-GCN and P-CM modules are
fused together to create the final representation of
the conversation:

H = Fusion([G,Z]) (14)

= [{oτ1 , oτ2 , . . . , oτN}, {Z[D]
a⇄v,Z[D]

v⇄l,Z[D]
l⇄a}]

where τ ∈ {a, v, l}; Fusion represents the con-
catenation method. H is then fed to a fully con-
nected layer to predict the emotion label yi for the
utterance ui:

vi = ReLU(Φ0hi + b0) (15)

pi = softmax(Φ1vi + b1) (16)

ŷi = argmax(pi) (17)

where Φ0,Φ1 are learned parameters.

4 Experiments

This section investigate the efficacy of CORECT
for the ERC task through extensive experiments in
comparing with state-of-the-art (SOTA) baselines.
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Methods
IEMOCAP (6-way)

Happy Sad Neutral Angry Excited Frustrated Acc. (%) w-F1 (%)
bc-LSTM (Poria et al., 2017) 32.63 70.34 51.14 63.44 67.91 61.06 59.58 59.10
CMN (Hazarika et al., 2018b) 30.38 62.41 52.39 59.83 60.25 60.69 56.56 56.13
ICON (Hazarika et al., 2018a) 29.91 64.57 57.38 63.04 63.42 60.81 59.09 58.54

DialogueRNN (Majumder et al., 2019) 33.18 78.80 59.21 65.28 71.86 58.91 63.40 62.75
DialogueGCN (Ghosal et al., 2019) 47.10 80.88 58.71 66.08 70.97 61.21 65.54 65.04

MMGCN (Wei et al., 2019) 45.45 77.53 61.99 66.70 72.04 64.12 65.56 65.71
DialogueCRN (Hu et al., 2021) 51.59 74.54 62.38 67.25 73.96 59.97 65.31 65.34
COGMEN (Joshi et al., 2022) 55.76 80.17 63.21 61.69 74.91 63.90 67.04 67.27

CORECT (Ours) 59.30 80.53 66.94 69.59 72.69 68.50 69.93 (↑ 2.89) 70.02 (↑ 2.75)

Table 2: The results on IEMOCAP (6-way) multimodal (A+V+T) setting. The results in bold indicate the
highest performance, while the underlined results represent the second highest performance. The ↑ illustrates the
improvement compared to the previous state-of-the-art model.

4.1 Experimental Setup

Dataset. We investigate two public real-life
datasets for the multimodal ERC task including
IEMOCAP (Busso et al., 2008) and CMU-MOSEI
(Bagher Zadeh et al., 2018). The dataset statistics
are given in Table 1.

IEMOCAP contains 12 hours of videos of two-
way conversations from 10 speakers. Each dialogue
is divided into utterances. There are in total 7433
utterances and 151 dialogues. The 6-way dataset
contains six emotion labels, i.e., happy, sad, neu-
tral, angry, excited, and frustrated, assigned to the
utterances. As a simplified version, ambiguous
pairs such as (happy, exited) and (sad, frustrated)
are merged to form the 4-way dataset.

CMU-MOSEI provides annotations for 7 senti-
ments ranging from highly negative (-3) to highly
positive (+3), and 6 emotion labels including hap-
piness, sadness, disgust, fear, surprise, and anger.

Evaluation Metrics. We use weighted F1-score
(w-F1) and Accuracy (Acc.) as evaluation metrics.
The w-F1 is computed

∑K
k=1 freqk × F1k, where

freqk is the relative frequency of class k. The
accuracy is defined as the percentage of correct
predictions in the test set.

Baseline Models. CORECT is compared against
SOTA baselines specific to each dataset. For IEMO-
CAP, we consider two model groups namely: i)
RNN-based models include bc-LSTM (Poria et al.,
2017), CMN (Hazarika et al., 2018b), ICON (Haz-
arika et al., 2018a), DialogueRNN (Majumder
et al., 2019); ii) Graph-based methods are Dia-
logueGCN (Ghosal et al., 2019), MMGCN (Wei
et al., 2019), DialougueCRN (Hu et al., 2021),
CHFusion (Majumder et al., 2018), and COGMEN
(Joshi et al., 2022). For CMU-MOSEI, we inves-

Modality Settings
IEMOCAP (4-way)

Acc. (%) w-F1 (%)
bc-LSTM (Poria et al., 2017) 75.20 75.13

CHFusion (Majumder et al., 2018) 76.59 76.80
COGMEN (Joshi et al., 2022) 82.29 82.15

CORECT (Ours) 84.73 (↑ 2.44) 84.64 (↑ 2.49)

Table 3: The results on the IEMOCAP (4-way) dataset
in the multimodal (A+V+T) setting. The ↑ indicates the
improvement compared to the previous SOTA model.

tigate multimodal models including Multilogue-
Net (Shenoy and Sardana, 2020), TBJE (Delbrouck
et al., 2020), and COGMEN (Joshi et al., 2022).

Implementation Details. Due to the space limit,
the implementation details for feature extraction
and interaction are described in Appendix A.1.

4.2 Comparison With Baselines

We further qualitatively analyze CORECT and the
baselines on the IEMOCAP (4-way), IEMOCAP
(6-way) and MOSEI datasets.

IEMOCAP: In the case of IEMOCAP (6-way)
dataset (Table 2), CORECT performs better than
the previous baselines in terms of F1 score for in-
dividual labels, excepts the Sad and the Excited
labels. The reason could be the ambiguity between
similar emotions, such as Happy & Excited, as well
as Sad & Frustrated (see more details in Figure
6 in Appendix A.2). Nevertheless, the accuracy
and weighted F1 score of CORECT are 2.89% and
2.75% higher than all baseline models on average.
Likewise, we observe the similar phenomena on
the IEMOCAP (4-way) dataset with a 2.49% im-
provement over the previous state-of-the-art mod-
els as Table 3. These results affirm the efficiency
of CORECT for the multimodal ERC task.
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Methods
Sentiment Classification

Accuracy (%)
Emotion Classification (Binary, 1 vs. all)

weighted F1-score (%)
2 Class 7 Class Happiness Sadness Angry Fear Disgust Surprise

Multilouge-Net (Shenoy and Sardana, 2020) 82.88 44.83 67.84 65.34 67.03 87.79 74.91 86.05
TBJE (Delbrouck et al., 2020) 82.40 43.91 65.91 70.78 70.86 87.79 82.57 86.04
COGMEN (Joshi et al., 2022) 82.95 45.22 70.88 70.91 74.20 87.79 81.83 86.05

CORECT (Ours) 83.66 46.31 71.35 72.86 76.77 87.90 84.26 86.48

Table 4: Results on CMU-MOSEI dataset compared with previous works. The bolded results indicate the best
performance, while the underlined results represent the second best performance.

Sub-
Modules

IEMOCAP
(6-way)

IEMOCAP
(4-way)

Acc. (%) w-F1 (%) Acc. (%) w-F1 (%)
-w/o RT-GCN 66.61 66.55 (↓ 3.47) 80.69 80.54 (↓ 4.10)

-w/o P-CM 66.54 66.64 (↓ 3.38) 82.18 82.16 (↓ 2.48)
-w/oRmulti 66.54 66.82 (↓ 3.20) 82.61 82.53 (↓ 2.11)
-w/oRtemp 67.04 67.34 (↓ 2.68) 82.08 82.07 (↓ 2.57)
CORECT 69.93 70.02 84.73 84.64

Table 5: The performance of CORECT in different strategies under the fully multimodal (A+V+T) setting. Bolded
results represent the best performance, while underlined results depict the second best. The ↓ represents the decrease
in performance when a specific module is ablated compared to our CORECT model.

CMU-MOSEI: Table 4 presents a comparison of
the CORECT model on the CMU-MOSEI dataset
with current SOTA models in two settings: Senti-
ment Classification (2-class and 7-class) and Emo-
tion Classification. Apparently, CORECT consis-
tently outperforms other models with sustainable
improvements. One notable observation is the itali-
cized results for the Fear and Surprise labels, where
all the baselines have the same performance of
87.79 and 86.05 respectively. During the experi-
mental process, when reproducing these baseline’s
results, we found that the binary classifiers were
unable to distinguish any samples for the Fear and
Surprise labels. However, with the help of technical
components, i.e., RT-GCN and P-CM, our model
shows significant improvement even in the pres-
ence of severe label imbalance in the dataset. Due
to space limitations in the paper, we provide addi-
tional experiments on the CMU-MOSEI dataset for
all possible combinations of modalities in Table 7
(Appendix A.2).

4.3 Ablation study

Effect of Main Components. The impact of
main components in our CORECT model is pre-
sented via Table 5. The model performance on
the 6-way IEMOCAP dataset is remarkably de-
graded when the RT-GCN or P-CM module is not
adopted with the decrease by 3.47% and 3.38%
respectively. Similar phenomena is observed on

the 4-way IEMOCAP dataset. Therefore, we can
deduce that the effect of RT-GCN in the CORECT
model is more significant than that of P-CM.

For different relation types, ablating either
Rmulti or Rtemp results in a significant decrease
in the performance. However, the number of labels
may affect on the multimodal graph construction,
thus it is no easy to distinguish the importance of
Rmulti andRtemp for the multimodal ERC task.

Table 8 (Appendix A.2) presents the ablation
results for uni- and bi-modal combinations. In
the unimodal settings, specifically for each indi-
vidual modality (A, V, T), it’s important to high-
light that both P-CM module and multimodal re-
lations Rmulti are non-existent. However, in bi-
modal combinations, the advantage of leveraging
cross-modality information between audio and text
(A+T) stands out, with a significant performance
boost of over 2.75% compared to text and visual
(T+V) modalities and a substantial 14.54% com-
pared to visual and audio (V+A) modalities.

Additionally, our experiments have shown a
slight drop in overall model performance (e.g.,
68.32% in IEMOCAP 6-way, drop of 1.70%)
when excluding Speaker Embedding Semb from
CORECT.

Effect of the Past and Future Utterance Nodes.
We conduct an analysis to investigate the influ-
ence of past nodes (P) and future nodes (F) on
the model’s performance. Unlike previous studies
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Modality
Settings

IEMOCAP
(6-way)

IEMOCAP
(4-way)

Acc. (%) w-F1 (%) Acc. (%) w-F1 (%)
A 52.31 51.49 67.02 65.48
T 67.22 67.26 82.82 82.65
V 38.63 37.67 49.73 47.97

A+T 68.27 68.36 83.14 83.13
T+V 65.50 65.61 81.76 81.75
V+A 54.16 53.82 69.03 68.21

CORECT (A+T+V) 69.93 70.02 84.73 84.64

Table 6: The performance of CORECT under various
modality settings.

Figure 4: The effects of P and F nodes in the past and
future of CORECT model on the IEMOCAP (6-way)
The red-dash line implies our best setting for P and F .

(Joshi et al., 2022; Li et al., 2023) that treated P
and F pairs equally, we explore various combina-
tions of P and F settings to determine their effects.
Figure 4 indicates that the number of past or future
nodes can have different impacts on the perfor-
mance. From the empirical analysis, the setting
[P,F ] of [11, 9] results in the best performance.
This finding shows that the contextual information
from the past has a stronger influence on the multi-
modal ERC task compared to the future context.

Effect of Modality. Table 6 presents the perfor-
mance of the CORECT model in different modality
combinations on both the IEMOCAP and CMU-
MOSEI datasets.

For IEMOCAP (Table 2 and Table 3), the tex-
tual modality performs the best among the uni-
modal settings, while the visual modality yields
the lowest results. This can be attributed to the
presence of noise caused by factors, e.g., camera
position, environmental conditions. In the bi-modal
settings, combining the textual and acoustic modal-
ities achieves the best performance, while combin-

ing the visual and acoustic modalities produces the
worst result. A similar trend is observed in the
CMU-MOSEI dataset (Table 4), where fusing all
modalities together leads to a better result com-
pared to using individual or paired modalities.

5 Conclusion

In this work, we propose CORECT, an novel net-
work architecture for multimodal ERC. It consists
of two main components including RT-GCN and
P-CM. The former helps to learn local-context
representations by leveraging modality-level topo-
logical relations while the latter supports to infer
cross-modal global-context representations from
the entire dialogue. Extensive experiments on two
popular benchmark datasets, i.e., IEMOCAP and
CMU-MOSEI, demonstrate the effectiveness of
CORECT, which achieves the new state-of-the-
art record for multimodal conversational emotion
recognition. Furthermore, we also provide ablation
studies to investigate the contribution of various
components in CORECT. Interestingly, by analyz-
ing the temporal aspect of conversations, we have
validated that capturing the long-term dependen-
cies, e.g., past relation, improves the performance
of the multimodal emotion recognition in conversa-
tions task.

Limitations

Hyper-parameter tuning is a vital part of optimiz-
ing machine learning models. Not an exception,
the learning of CORECT is affected by hyper-
parameters such as the number of attention head
in P-CM module, the size of Future and Past Win-
dow. Due to time constraints and limited compu-
tational resources, it was not possible to tune or
exploring all possible combinations of these hyper-
parameters, which might lead to local-minima con-
vergences. In future, one solution for this limitation
is to employ automated hyper-parameter optimiza-
tion algorithms, to systematically explore the hy-
perparameter space and improve the robustness of
the model. As another solution, we may upgrade
CORECT with learning mechanisms to automati-
cally leverage important information, e.g., attention
mechanism on future and past utterances.
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A Appendix

A.1 Implementation Details

A.1.1 Multimodal Raw Feature Extraction
The multimodal feature extraction process involves
extracting features from the acoustic, lexical, and
visual modalities for each utterance.

For IEMOCAP, the audio features, with a size
of 100, are obtained using the OpenSmile Toolkit
(Eyben et al., 2010); visual features, with a size
of 512, are extracted using OpenFace (Baltrusaitis
et al., 2018); textual features, with a size of 768,
are derived using sBERT (Reimers and Gurevych,
2019).

For MOSEI, the audio features are extracted
using librosa (McFee et al., 2015) with 80 filter
banks, resulting in a feature vector size of 80.The
visual features, with a size of 35, are obtained
from (Bagher Zadeh et al., 2018). The textual fea-
tures, with a size of 768, are obtained using sBERT
(Reimers and Gurevych, 2019).

A.1.2 Pairwise Cross-modal Feature
Interaction

Figure 5 illustrates details of Pairwise Cross-modal
Feature Interaction (P-CM).

Cross-Modality 
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Figure 5: Illustration of the P-CM module between
modality β and α.

A.2 Additional Experiment Result

Table 8 showcases the results on the IEMOCAP
dataset (both 6-way and 4-way) for all the modality

combinations of the CORECT model, while Ta-
ble 7 presents an ablation study conducted on the
CMU-MOSEI dataset, considering various modal-
ity combination settings.

Figure 6 shows the confusion matrix for pre-
diction on IEMOCAP (4-way) and IEMOCAP (6-
way), respectively.
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Figure 6: Visualization the confusion matrices of
CORECT under multimodal (A+V+T) setting. Most
of False predictions observed on IEMOCAP (6-way)
came from the ambiguity between pair of labels: Happy
and Excited, Neural and Frustrate.

A.3 Reproducibility

CORECT is implemented using Pytorch 1, and run
experiments on Google Colab Pro. We choose
Adam as the optimizer and set the dropout rate to
0.5. The numbers of multi-head attentions used in
Graph Transformer and P-CM are selected as 7 and
2, respectively. For IEMOCAP dataset, the learn-
ing rate is 0.0003; Window size [P,F ] is tested on
various settings in the range of [1,15]. For CMU-
MOSEI dataset, the learning rate is 0.0006; Win-
dow size [P,F ] is picked between [5,4] due to the
property of short dialogue in CMU-MOSEI. Refer-

1https://pytorch.org/
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Datasets Modality
Settings

Sentiment Class
Accuracy (%)

Emotion Class
weighted F1-score (%)

2 Class 7 Class Happiness Sadness Angry Fear Disgust Surprise
Multilogue-Net

(Shenoy and Sardana, 2020)
A+T+V 82.88 44.83 67.84 65.34 67.03 87.79 74.91 86.05

TBJE
(Delbrouck et al., 2020)

A+T 82.4 43.91 65.91 70.78 70.86 87.79 82.57 86.04

COGMEN
(Joshi et al., 2022)

A+T+V 82.95 45.22 70.88 70.91 74.20 87.79 81.83 86.05

CORECT (Ours)
T 84.13 45.80 67.82 72.12 75.55 87.79 84.63 86.05

A+T 84.28 44.89 67.49 71.53 75.39 87.79 84.69 86.05
A+T+V 83.66 46.31 71.35 72.86 76.77 87.90 84.26 86.48

Table 7: Ablation study on CMU-MOSEI dataset. The multimodal implementation (A+V+T) consistently outper-
formed the baseline models in most of the modality combinations. For the 2-class sentiment and the Disgust class
emotion, our approach reaches a competitive performance.

Dataset
A T V A+T T+V V+A A+V+T

Acc W-F1 Acc W-F1 Acc W-F1 Acc W-F1 Acc F1 Acc W-F1 Acc F1

IEMOCAP
(6-way)

w/o RT-GCN 35.12 30.01 64.7 64.34 30.99 26.88 67.10 66.92 65.37 65.50 52.13 51.80 66.61 66.55
w/o P-CM - - - - - - 65.87 65.89 65.00 65.07 53.54 52.86 66.54 66.64
w/oRmulti - - - - - - 66.30 66.27 64.76 64.78 53.67 53.48 66.54 66.82
w/oRtemp 41.53 39.49 63.65 63.72 27.66 27.37 67.34 67.33 65.43 65.29 50.65 49.67 67.04 67.34
CORECT 52.31 51.49 67.22 67.26 38.63 37.67 68.27 68.36 65.50 65.61 54.16 53.82 69.93 70.02

IEMOCAP
(4-way)

w/o RT-GCN 55.25 52.18 80.38 80.25 34.04 31.33 81.87 81.18 80.17 80.04 58.96 58.57 80.69 80.54
w/o P-CM - - - - - - 80.91 80.94 80.38 80.04 69.25 69.00 82.18 82.16
w/oRmulti - - - - - - 81.76 81.78 80.38 80.47 69.14 68.84 82.61 82.53
w/oRtemp 56.84 54.88 80.70 80.70 41.04 39.75 82.08 81.99 81.34 81.36 57.16 56.62 82.08 82.07
CORECT 67.02 65.48 82.82 82.85 49.73 47.97 83.14 83.13 81.76 81.75 69.03 68.21 84.73 84.64

Table 8: Ablation study on IEMOCAP dataset. It shows the consistency of our proposal method since any ablation
experiments (on both modal settings and modules) results in a reduction of overall performance. On unimodal
setting of {A, V, T}, P-CM module and multimodal relation are not exist. Therefore there are no ablation of P-CM
andRmulti on these unimodal setting, denotes by “-”.

ring to the training log on the IEMOCAP (6-way)
dataset using Google Colab Pro, each mini-batch
(size of 10 dialouges) takes approximately 0.4s.
The similar ratio is observed on the MOSEI dataset.
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Abstract
Emotion recognition in conversation (ERC) is a crucial task in natural language processing and affective computing.
This paper proposes MultiDAG+CL, a novel approach for Multimodal Emotion Recognition in Conversation (ERC) that
employs Directed Acyclic Graph (DAG) to integrate textual, acoustic, and visual features within a unified framework.
The model is enhanced by Curriculum Learning (CL) to address challenges related to emotional shifts and data im-
balance. Curriculum learning facilitates the learning process by gradually presenting training samples in a meaningful
order, thereby improving the model’s performance in handling emotional variations and data imbalance. Experimental
results on the IEMOCAP and MELD datasets demonstrate that the MultiDAG+CL models outperform baseline mod-
els. We release the code for MultiDAG+CL and experiments: https://github.com/vanntc711/MultiDAG-CL.

Keywords: Multimodal Emotion Recognition, Curriculum Learning, Directed Acyclic Graph

1. Introduction

Online social networks’ growing popularity has
sparked interest in capturing emotions in conversa-
tions. Emotion Recognition in Conversation (ERC)
has emerged as a critical task in various domains
such as chatbots (Ghosh et al., 2017), healthcare
(Li et al., 2019), and social media analysis (Polzin
and Waibel, 2000). In the field of ERC, researchs
can be broadly categorized into unimodal and mul-
timodal approaches. Unimodal approaches usu-
ally focus on using text as the main modality for
emotion recognition. Several models have been
proposed in the past to tackle unimodal ERC task.
DialogueRNN (Majumder et al., 2019) introduces
a recurrent network to track speaker states and
context during the conversation. DialogueGCN
(Ghosal et al., 2019) utilizes graph structures to
combine contextual dependencies.

Multimodal Emotion Recognition in Conversa-
tion (Multimodal ERC) classifies emotions in con-
versation turns using text, audio, and visual cues.
By incorporating multiple modalities, it provides a
comprehensive representation of emotional expres-
sions, including tone of voice, facial expressions,
and body language, resulting in improved accuracy
and robustness in emotion recognition compared
to traditional unimodal ERC approaches. Several
models have been proposed to address the task
of multimodal ERC. The MFN (Zadeh et al., 2018)
synchronizes multimodal sequences using a multi-
view gated memory. ICON (Hazarika et al., 2018)
provides conversational features from modalities
through multi-hop memories. The bc-LSTM (Poria
et al., 2017) leverages an utterance-level LSTM to
capture multimodal features. MMGCN (Hu et al.,
2021) uses a graph-based fusion module to cap-

ture intra- and inter-modality contextual features.
CTNet (Lian et al., 2021) utilizes a transformer-
based structure to model interactions among mul-
timodal features. CORECT (Nguyen et al., 2023)
leverages relational temporal GNNs with cross-
modality interaction support, effectively capturing
conversation-level interactions and utterance-level
temporal relations.

A Directed Acyclic Graph (DAG) is a directed
graph without any directed cycles, comprising ver-
tices and edges, where each edge is directed from
one vertex to another, ensuring no closed loops.
Building upon this concept, Yu et al. (2019) in-
troduced Directed Acyclic Graph Neural Network
(DAG-GNN). Additionally, Shen et al. (2021) pre-
sented DAG-ERC, a model combining graph-based
and recurrence-based neural architectures to cap-
ture information flow in long-distance conversa-
tions. However, DAG-ERC’s focus has been pri-
marily on unimodal text data, with limited explo-
ration in other modalities. Curriculum Learning
(CL), inspired by human learning, progressively
introduces more complex concepts starting from
a simple initial state. It establishes a sequence of
curricula where the best curriculum with the sim-
plest examples is used to train the classifier in
each learning round (Bengio et al., 2009; Soviany
et al., 2022). CL incorporates two key factors: a
difficulty measurer to assess the difficulty level of
training examples, and a training scheduler to de-
termine the order of example presentation during
training. The difficulty measurer assesses the diffi-
culty level of training examples, while the training
scheduler determines the order in which examples
are presented to the model during training. For the
ERC task, Yang et al. (2022) proposes a hybrid CL
framework specifically for the textual modality only.

https://github.com/vanntc711/MultiDAG-CL
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Figure 1: Overall structure of MultiDAG.

In this paper, we proposes MultiDAG+CL, a mul-
timodal model inspired by DAG-ERC (Shen et al.,
2021), designed to overcome the limitations of
text-based approaches. It integrates multimodal
features using DAG-GNN, enabling a comprehen-
sive understanding of emotions in conversations.
Leveraging Curriculum Learning, our model, Multi-
DAG+CL, addresses emotional shift issues and im-
balanced data, significantly enhancing ERC model
performance on IEMOCAP and MELD datasets.
Notably, we are the first to integrate multimodal
ERC models with Curriculum Learning strategy.

2. Methodology

Consider a conversation C having utterances
{u1, u2, . . . , uN} where N is the number of utter-
ances. An utterance is a coherent piece of informa-
tion conveyed by a single participant pm at a spe-
cific moment, where m ≥ 2. The task of Emotion
Recognition in Conversation (ERC) is to predict
emotion label of each utterance ui with predefined
emotion label set E = {y1, y2, . . . , yr}. Following
the multimodal approach, we represent an utter-
ance in terms of three different modalities: audio
(a), visual (v), and textual (l). The raw feature rep-
resentation of utterance ui is ui = {ua

i , u
v
i , u

l
i}.

MultiDAG+CL consists of two core components:
MultiDAG and Curriculum Learning-CL. The Mul-
tiDAG component represents the model that com-
bines multimodal features without CL integration.
The -CL component is where Curriculum Learning
is incorporated to enhance model performance.

2.1. Multimodal ERC with Directed
Acyclic Graph - MultiDAG

2.1.1. Modality Encoder

We use modality-specific encoders to generate
context-aware utterance feature encoding. For the

textual modality, a bidirectional LSTM network cap-
tures sequential textual context information, while
a Fully Connected Network is used for the acoustic
and visual modalities as follows:

ha
i = EncA(u

a
i );h

v
i = EncV (u

v
i );h

l
i = EncL(u

l
i)
(1)

where EncA, EncV , EncL are modality encoder
for audio, visual, textual modalities, respectively.
These encoders generate the context-aware raw
feature encodings ha

i , h
v
i , h

l
i accordingly. The multi-

modal feature vector for an utterance ui(mm) corre-
sponding to available modalities is:

H0
i(mm) = ha

i ⊕ hv
i ⊕ hl

i (2)

2.1.2. MultiDAG Construction

Each utterance in a conversation receives informa-
tion exclusively from past utterances. This one-
way information flow is effectively represented by
a Directed Acyclic Graph (DAG), where informa-
tion moves from predecessors to successors. This
characteristic allows the DAG to gather informa-
tion for a query utterance not only from neighbor-
ing utterances but also from more distant ones.
Following the multimodal representation input, we
initialize the Directed Acyclic Graph Gated Neu-
ral Network (DAG-GNN) (Yu et al., 2019). The
integration of both remote and local information is
executed in a manner analogous to the approach
undertaken in DAG-ERC by Shen et al. (2021). The
comprehensive architecture of MultiDAG is visually
represented in Figure 1.

At each layer l of the MultiDAG, the hidden state
of the utterances is continuously computed from
the first utterance to the last utterance. For each
utterance ui(mm), the attention weight between
ui(mm) and the preceding nodes is calculated by
using the hidden state of ui(mm) at layer l − 1 to
attend to the hidden states of the nodes at layer l:

alij(mm) = Sj∈Ni(mm)
(W l

α[H
l
j(mm)∥H

l−1
i(mm)]) (3)
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Here, S denotes the Softmax function; Ni(mm) rep-
resents the set of preceding nodes leading to ui,
W l

a is a trainable weight matrix, H l−1
i(mm) is the hid-

den state of ui(mm) at layer l − 1, and || denotes
concatenation.

The attention weight is further utilized in combi-
nation with edge relationships to aggregate infor-
mation.

M l
i(mm) =

∑
j∈Ni(mm)

aij(mm)W
l
rijH

l
j(mm) (4)

where W l
rij ∈ {W

l
0,W

l
1} are trainable parameters.

The 0/1 value represents the edge relationship,
distinguishing different or same speakers.

The aggregated information M l
i(mm) interacts

with the previous layer’s hidden state of ui(mm),
H l−1

i(mm), through a GRU to generate the final hid-
den state H̃ l

i(mm) at the current layer:

H̃ l
i(mm) = GRU l

H(H l−1
i(mm),M

l
i(mm)) (5)

where H l−1
i(mm), M

l
i(mm), and H̃ l

i(mm) represent the
input, hidden state, and output of the GRU network,
respectively. This step is the node information unit.
Another GRU serves as the context information
unit, modeling the flow of information from the his-
torical context through a layer. In this unit, the roles
of H l−1

i and M l
i in the GRU are exchanged, where

H l−1
i(mm) controls the propagation of M l

i(mm):

Cl
i(mm) = GRU l

M (M l
i(mm), H

l−1
i(mm)) (6)

The hidden states of ui from all layers are con-
catenated together to create final representation:

Hi(mm) = ∥Ll=0(H̃
l
i(mm) + Cl

i(mm)) (7)

This representation is then passed through a Feed-
Forward Network to perform emotion prediction.
The objective function used to train the model is
the cross-entropy loss function.

2.2. Curriculum Learning - CL

We design a Difficulty Measure Function (DMF)
based on the frequency of emotional shift in conver-
sations, and simultaneously construct a Training
Scheduler to implement the training process ac-
cording to the predefined learning curriculum.

2.2.1. Difficulty Measure Function (DMF)

When designing the difficulty measurement func-
tion for a conversation, it is essential to determine
what makes a conversation easier or more difficult
than others. Taking inspiration from Yang et al.
(2022), we constructed a function to calculate the
difficulty of a conversation based on the frequency

Algorithm 1 CL Training with DMF

Input: D - training dataset; M - training model
k - number of buckets in baby step scheduler
DIF - difficulty measure function
t - number of epochs; n - number of utterances
e - the emotion label of the utterances
p(ui) - the speaker’s corresponding utterance ui

S - Set containing the emotion sequence of
speakers; S[p][i] represents the emotion in the
i-th utterance of speaker p
Output: M∗ - the optimal model
S = ∅, Nes = 0
for i = 1 to n do
S[p[i]]← S[p[i]] ∪ {e[i]}

end for
Nsp = length(S)
for p ∈ S do

for i = 1 to length(S[p])− 1 do
if S[p[i]] ̸= S[p[i+ 1]] then
Nshift ← Nshift + 1

end if
end for

end for
DIF =

Nshift+Nsp

n+Nsp

D′ = sort(D,DIF)
D′ = {D1,D2, ...,Dk} where DIF(da) <
DIF(db), da ∈ Di, db ∈ Dj ,∀i < j
Dtrain = ∅
for i = 1 to t do

if i ≤ k then
Dtrain = Dtrain ∪Di

end if
TRAIN(M,Dtrain)

end for
return M∗

of emotional shift. Here, an emotional shift is de-
fined as occurring when the emotion expressed in
two consecutive utterances by the same speaker is
different. Specifically, e(ui) ̸= e(uk), p(ui) = p(uk),
∄j : i < j < k, p(ui) = p(uj) = p(uk). Here,
e(ui) and e(uk) is the emotions of two consecutive
utterances ui and uk, respectively. The more fre-
quent the emotional shift occur in a conversation,
the more it is considered difficult. Therefore, the
difficulty of i-th conversation ci is as follows:

DIF(ci) =
Nshift(ci) +Nsp(ci)

Nu(ci) +Nsp(ci)
(8)

where Nshift(ci) and Nu(ci) represent the number
of emotional shift in conversation ci and the total
number of utterances in ci, respectively. Nsp(ci) is
the number of speakers appearing in conversation
ci and acts as a smoothing factor. The algorithm
for calculating the difficulty of the conversation is
fully described in the Algorithm 1.
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Model IEMOCAP MELD
Happy Sad Neutral Angry Excited Frustrated Acc. (%) w-F1 (%) Acc. (%) w-F1 (%)

bc-LSTM (Poria et al., 2017) 33.82 78.76 56.75 64.35 60.25 60.75 60.51 60.42 59.62 57.29
MFN (Zadeh et al., 2018) 48.19 73.41 56.28 63.04 64.11 61.82 61.24 61.60 60.80 57.80

ICON (Hazarika et al., 2018) 32.80 74.40 60.60 68.20 68.40 66.20 64.00 63.50 58.20 56.30
DialogueRNN (Majumder et al., 2019) 32.20 80.26 57.89 62.82 73.87 59.76 63.52 62.89 60.31 57.66

DialogueGCN (Ghosal et al., 2019) 51.57 80.48 57.69 53.95 72.81 57.33 63.22 62.89 58.62 56.36
DAG-ERC (Shen et al., 2021) 47.59 79.83 69.36 66.67 66.79 68.66 67.53 68.03 61.04 63.66

MMGCN (Hu et al., 2021) 45.14 77.16 64.36 68.82 74.71 61.40 66.36 66.26 60.42 58.31
CTNet (Lian et al., 2021) 51.3 79.9 65.8 67.2 78.7 58.8 68.0 67.5 62.0 60.5

DAG-ERC+HCL (Yang et al., 2022) - - - - - - - 68.73 - 63.89
COGMEN (Joshi et al., 2022) - - - - - - 68.2 67.6 - -

MultiDAG (Ours) 49.65 79.83 66.40 67.59 71.78 67.90 68.30 68.45 64.29 63.87
MultiDAG+CL (Ours) 45.26 81.40 69.53 70.33 71.61 66.94 69.11 69.08 64.41 64.00

Table 1: Performance of approaches on IEMOCAP and MELD datasets. Bold indicates the highest perfor-
mance, and underlining denotes the second-highest. “-” represents missing values due to unavailability
in original papers.

2.2.2. Training Scheduler

The training scheduler is used to organize and
schedule the training process by arranging conver-
sations. Specifically, the dataset D is divided into
multiple different bins {D1, . . . ,Dk}, where conver-
sation with similar difficulty are grouped into the
same bin. The training process starts with the
easiest bin. After training for a certain number
of epochs, the next bin is mixed into the current
training dataset. Finally, once all bins have been
mixed and used, additional epochs of training are
performed.

3. Experimental Setup

3.1. Datasets and Baselines

We evaluate our approach on the following two
ERC datasets: IEMOCAP (Busso et al., 2008) and
MELD (Poria et al., 2019). The detailed statistics
of the datasets are reported in Table 2. For the
data processing, we use the same split as the
work in (Hu et al., 2021). We compare our method
against several state-of-the-art baselines, includ-
ing unimodal and multimodal learning approaches.
(Due to the space limit, they are brief described in
Section 1). The evaluation metrics used are Accu-
racy (Acc.) and weighted average F1-score (w-F1).

Datasets Conversation Utterances Avg.
utterancesTrain Valid Test Train Valid Test

IEMOCAP 120 31 5810 1623 66.8
MELD 1038 114 280 9989 1109 2610 9.57

Table 2: Dataset statistics

3.2. Implementation Details

We perform hyperparameter tuning for our pro-
posed model on each dataset using hold-out vali-
dation with separate validation sets. For the IEMO-
CAP dataset, the hyperparameter configuration

includes a learning rate of 0.0005, a dropout rate
of 0.4, 30 epochs of training, and 4 layers of Multi-
DAG+CL. For the MELD dataset, the hyperparam-
eter configuration for the MultiDAG+CL model is
as follows: a learning rate of 0.00001, a dropout
rate of 0.1, 60 epochs of training, and 2 layers of
Multi-DAG.

4. Results and Analysis

4.1. Comparision with Baselines

We conducted a comprehensive comparison of our
proposed approach with SOTA multimodal ERC
methods, and the results are summarized in Ta-
ble 1. Due to space constraints, we only report
Acc. and w-F1 for the MELD dataset. Our ap-
proach, MultiDAG+CL, which combines the Mul-
tiDAG model with a curriculum learning strategy,
achieves SOTA performance on both the IEMO-
CAP and MELD datasets. MultiDAG+CL outper-
forms previous SOTAs by 1.05% (DAG-ERC on
IEMOCAP) and 0.34% (DAG-ERC on MELD), re-
spectively. Specifically, our models achieve im-
provements in individual emotion recognition tasks
in most cases, especially for the Sad, Neutral and
Angry emotions. In the meantime, we find Happy,
Sad, and Angry emotions can be confused with the
Neutral emotion in some cases (as shown in Fig.
2). Such phenomenon is related to imbalanced
class distribution.

4.2. Effect of Modality

Table 3 compares the performance of MultiDAG
and MultiDAG+CL under various multimodal set-
tings on both benchmark datasets. In IEMOCAP,
the textual modality performs best among the uni-
modal settings, while the visual modality shows the
lowest results due to noise from factors like camera
position and environmental conditions. In bimodal
settings, the combination of textual and acoustic
modalities performs the best, while the combina-
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tion of visual and acoustic modalities yields the
lowest result. Similar observations are made in the
MELD dataset.

Modality MultiDAG MultiDAG+CL
IEMOCAP MELD IEMOCAP MELD

T 68.17 63.66 67.12 63.47
A 49.37 40.27 50.58 40.17
V 33.79 31.27 36.69 31.27

T + A 68.42 63.61 68.45 63.56
T + V 67.56 63.69 67.40 63.62
A + V 52.40 40.54 51.86 39.99

T + V + A 68.45 63.87 69.08 64.00

Table 3: Results of MultiDAG and MultiDAG+CL
under different modality settings. T, A, V represent
the text, audio, visual modality, resepectively.

4.3. Effect of Curriculum Learning

The MultiDAG+CL model demonstrates notable
performance improvement by incorporating cur-
riculum learning for both the IEMOCAP and MELD
datasets. The effectiveness of curriculum learning
relies on factors like the difficulty measure design
and training strategy, including the number of buck-
ets in the training set. We perform experiments
to select the optimal number of buckets in the CL
training scheduler. The results shown in the Table
4, indicate that for the IEMOCAP dataset, the op-
timal number of buckets is 5, while for the MELD
dataset, it is 12. These findings suggest that the
CL strategy is effective in improving the perfor-
mance of the MultiDAG model on both datasets,
with the specific number of buckets tailored to each
dataset’s representations. In summary, our pro-
posed MultiDAG+CL model with curriculum learn-
ing, significantly contribute to the achieved results.

IEMOCAP MELD
Number of buckets w-F1 Number of buckets w-F1

4 68.05 5 63.94
5 69.08 8 63.83
7 68.84 10 63.89

10 68.38 12 64.00
15 68.36 14 63.96

Table 4: Results of MultiDAG+CL for different num-
ber of buckets in CL training scheduler.

4.4. Performance for Emotion-shift

From the confusion matrices of the MultiDAG and
MultiDAG+CL models (Figure 2), it can be ob-
served that the prediction accuracy for the “Happy”,
“Neutral”, “Sad”, and “Angry” labels is improved
when CL is incorporated into the model. Particu-
larly, the misclassification rate of the “Neutral” label
as “Disgust” decreases significantly from 19.3% in
the MultiDAG model to only 12.3% in MultiDAG+CL.

However, the prediction accuracy for the “Disgust”
and “Happy” labels decreases.
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Figure 2: The confusion matrices on the IEMOCAP.

5. Conclusion

This paper proposes MultiDAG+CL, a novel ap-
proach for Multimodal Emotion Recognition in Con-
versation that leverages Directed Acyclic Graphs
to integrate textual, acoustic, and visual features
within a unified framework. The incorporation of
Curriculum Learning (CL) addresses challenges
related to emotional shifts and data imbalance, en-
hancing the model’s performance. Through exten-
sive experiments, we evaluate the performance of
both the proposed MultiDAG+CL models. Future
work includes exploring alternative training sched-
ulers for Curriculum Learning and incorporating a
learning-based approach to model emotion label
similarity.
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A B S T R A C T

Multimodal Emotion Recognition in Conversation (Multimodal ERC) is crucial for understanding human
communication across various applications. However, the challenge of missing modalities impedes the
development of robust models. Existing approaches often overlook scenarios where multiple modalities are
absent simultaneously and fail to explore deep semantic interactions between modalities. Additionally, learning
high-dimensional interactive features from limited samples is challenging due to missing data. This paper
proposes Mi-CGA, a framework tailored for incomplete multimodal learning in conversational contexts. Mi-
CGA comprises two main components: Incomplete Multimodal Representation (IMR) and Cross-modal Graph
Attention Network (CGA-Net). IMR simulates incomplete modalities, while CGA-Net extracts rich information
from conversational graphs. CGA-Net consists of three key modules: Modality Feature Estimation reconstructs
missing data, Multi-head Graph Attention Network enhances utterance-level representation, and Cross-modal
Attention Network improves conversation-level representation. Experimental results on three benchmark
datasets (IEMOCAP, CMU-MOSI, and CMU-MOSEI) consistently demonstrate that Mi-CGA outperforms several
representative baseline models, marking a significant advancement for the Multimodal ERC task. Source code
for Mi-CGA is available at https://github.com/dangkh/Mi-CGA.

1. Introduction

Our interaction with the world involves multiple modalities such
as sight, touch, hearing, smell, and taste, representing diverse sen-
sory experiences [1]. Beyond sensory experiences, modalities extend
to gestures, speech, written language, and gaze, facilitating informa-
tion conveyance [2]. Human communication includes thoughts, sen-
timent, and emotions conveyed through language, voice, and facial
expressions. The rise of automated Multimodal Emotion Recognition
in Conversation (Multimodal ERC or MERC) and Multimodal Senti-
ment Analysis (MSA) tasks reflects the growing interest in enabling
natural human–computer interactions (HCI) through machine learning
advancements.

Compared to unimodal data, multimodal data offers the potential
to capture diverse aspects of emotion and provides supplementary in-
formation, thereby significantly enhancing the performance of Emotion
Recognition in Conversations (ERC) tasks [3,4]. However, in the realm
of multimodal learning, the assumption of complete training data,
where all modalities are consistently available in all training instances,

∗ Corresponding author.
E-mail addresses: vanntc@vnu.edu.vn (C.-V.T. Nguyen), dangkh_uet@vnu.edu.vn (H.-D. Kieu), thuyhq@vnu.edu.vn (Q.-T. Ha), hieupx@vnu.edu.vn

(X.-H. Phan), trongld@vnu.edu.vn (D.-T. Le).

is untenable in real-world scenarios. The prevalence of missing modal-
ities constitutes a pervasive challenge, stemming from various factors,
as illustrated in Fig. 1. Consequently, three fundamental technical chal-
lenges must be addressed under these circumstances. Firstly, certain
previous approaches assume that only one modality can be missing
and often overlook the practical scenario of multiple missing modalities
simultaneously. Additionally, some methods miss the opportunity to
leverage even limited remaining information to enhance the analysis
of available modalities. Thus, more flexible methods are required to
address varying rates of missing data [5,6]. Secondly, existing ap-
proaches often lack deep semantic interactions between modalities at
the feature level. Additionally, the utilization of GNN-based models to
represent and model these relationships remains underexplored. Lastly,
the inconsistency in dimensions and varying feature sets is a common
challenge when dealing with multimodal data containing different
combinations of severely incomplete modalities [7]. It poses difficulties
when attempting to apply complete multimodal fusion models [8–10],
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Fig. 1. Illustration of uncertain missing modalities in Multimodal Emotion Recognition
Task.

which treat each independent multimodal instance within a unified
architecture.

To tackle the aforementioned challenges, this study proposes Mi-
CGA, an end-to-end graph neural network designed for handling in-
complete modalities in the Multimodal ERC task. It has two main com-
ponents namely Incomplete Multimodal Representation (IMR) and the
‘‘Cross-modal Graph Attention Network (CGA-Net)’’. The IMR compo-
nent is to simulate the incomplete modality problems in conversations,
which will be resolved by the CGA-Net component to maintain or
improving the Multimodal ERC task. Specifically, the primary compo-
nent CGA-Net comprises three crucial modules. As the first module,
the ‘‘Modality Feature Estimation (FE)’’ module reconstructs missing
features, ensuring a comprehensive data representation. The second
module named ‘‘Graph Attention Network (GAT)’’ captures multimodal
representations by prioritizing and weighting information based on
attention scores, to enhance utterance-level representation. Equally im-
portant, the ‘‘Cross-modal Attention Network (CMA)’’ module facilitates
inter-modalities information exchange, improving the model’s ability
to capture cross-modal relationships and enhancing its performance in
Multimodal ERC task. The overall architecture of Mi-CGA is illustrated
in Fig. 2. Our main contributions are summarized as follows:

• We propose Mi-CGA, a novel framework for robust Multimodal
ERC in diverse incomplete modality scenarios, leveraging Graph
Neural Networks and Cross-modal Attention mechanisms effi-
ciently.

• We design the CGA-Net as a pivotal model component that
optimizes information extraction from conversational graphs.
Within the CGA-Net, the ‘‘Modality Feature Estimation (FE)’’
component addressing uncertain missing modalities using ad-
vanced Graph Neural Network techniques. Additionally, CGA-Net
captures inter-modality information and enhances multimodal
capabilities through cross-modal Attention mechanisms.

• Extensive experiments on benchmark datasets, including IEMO-
CAP, CMU-MOSI, and CMU-MOSEI, validate Mi-CGA’s superior
performance.

The paper is structured as follows: Section 2 provides a compre-
hensive overview of related works. Detailed insights into the proposed
model are presented in Section 3. Experiment settings are thoroughly
explained in Section 4, and the experimental evaluation, along with
results, is extensively covered in Section 5. Finally, Section 6 wraps up
the study by summarizing findings, discussing limitations and potential
directions for future research.

2. Related work

In recent years, the field of Emotion Recognition in Conversations
(ERC) has witnessed the emergence of a diverse range of effective
models catering to both unimodal [11–14] and multimodal [15–18] data.
It is noteworthy that all these models are designed under the assumption

of complete data availability, implying the presence of all modalities
for analysis. These models may encounter challenges and fail when
confronted with scenarios involving missing modalities.

Substantial research efforts have been directed towards addressing
the challenge of missing modalities in Multimodal Machine Learning.
Simple strategies involve removing incomplete data samples or apply-
ing conventional imputation techniques like zero/average imputation
and matrix completion [31–34]. However, these methods risk introduc-
ing extra noise into the original data, potentially causing performance
degradation and may necessitate intricate auxiliary models like deep
generative models. Recent approaches can be categorized into three
groups: (1) Data Augmentation: Randomly removing inputs to simulate
missing modalities, (2) Generative Methods: Predicting missing modali-
ties based on available data, and (3) Joint Multimodal Representations:
Learning representations that capture information from various modal-
ities. The related works on missing/incomplete modalities, particularly
those on MSA and Multimodal ERC, are presented chronologically in
Table 1.

Data Augmentation: Parthasarathy and Sundaram [34] introduced
a data augmentation strategy where visual inputs are randomly ablated
during training to mimic real-world scenarios with missing modalities
in audio–visual multimodal emotion recognition, improving recogni-
tion performance. Meanwhile, Wang et al. [25] proposed PANet and
M2R2, which use iterative data augmentation to train emotion recog-
nition models, focusing on learning a common representation in the
presence of missing modalities at the utterance level.

Generative Methods: Earlier contributions to addressing the chal-
lenge of missing modalities in multimodal data include the CRA net-
work by Tran et al. [19], which captures intricate relationships be-
tween different modalities. Zhang et al. [20] introduced a cross-partial
multi-view network to impute missing views by learning latent multi-
view representations with adversarial strategies. More recently, DiC-
MoR [29] reduces the distribution gap by transferring distributions
from available to missing modalities, while IMDer [30] uses a score-
based diffusion model to map input Gaussian noise into the desired
distribution space of missing modalities.

Join Multimodal Representation Methods: Recent advancements
include MMIN [5], who integrated CRA [19] to recover missing modal-
ities, while Yuan et al. [23] introduced a Transformer-based feature
reconstruction network aimed at guiding feature extraction for missing
modalities. MTMSA [27] used a modality translation module to convert
visual and auditory modalities into textual ones. GCNet [28] captured
temporal and speaker-related information in incomplete conversational
data.

While some models excel in tasks such as Multimodal Sentiment
Analysis (MSA), they may not be directly applicable to Multimodal
Emotion Recognition (multimodal ERC) tasks [21,23,26,29,30]. Ad-
ditionally, certain approaches overlook random feature missing rates
within modalities or only consider the complete absence of entire
modalities [5,6]. Moreover, despite the recent effectiveness of GNNs-
based models in various tasks, their utilization in missing data recon-
struction remains relatively limited [28,35]. In summary, our model,
Mi-CGA, employs a joint learning approach, utilizing textual, visual,
and audio modalities concurrently to enhance Multimodal ERC even in
the presence of incomplete data. It effectively tackles varying missing
data rates and leverages the strengths of GNN structures suited for
conversational data.

3. Methodology

3.1. Problem definition and notations

Let us consider a conversation 𝐶 of a sequence of 𝑁 utterances
{𝑈1, 𝑈2,… , 𝑈𝑁}. Each utterance 𝑈𝑖 in 𝐶 associates with three data
modalities including audio (a), visual (v), and text (t), i.e., 𝑈𝑖 =
{𝑢(𝑎)𝑖 , 𝑢(𝑣)𝑖 , 𝑢(𝑡)𝑖 }. Suppose that there exists an overall random missing rate

Neurocomputing 623 (2025) 129342 
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Table 1
A chronological summary of related works on missing modalities.

Model Approach Main
technique

Studied
problem

Modality
missing

Datasets Advantages Disadvantages

CRA [19] Generative Autoencoder Imputation Uncertain
missing

GRSS, RGB-D,
MTPIE, HFSD

Offers a data imputation
method that harnesses the
advantages of both
autoencoder networks and
residual learning

No clear proof for this
model’s suitability in
MERC.

CPM-Nets
[20]

Generative GANs Multi-view
Learning

Arbitrary
view-missing

Hand-written,
Animal, CUB,
ADNI, etc.

Simultaneously leverages all
samples and views, and is
adaptable to arbitrary
view-missing patterns.

Cannot be utilized for
MERC and only use the
visual modality.

MCTN0
[21]

Join learning RNNs MSA Uncertain
missing

CMU-MOSI,
ICT-MMMO,
Youtube

Offers a way to learn joint
representations with input
coming just from the source
modality.

No clear proof for this
model’s suitability in
MERC.

MeLIM
[6]

Generative Generative
network

Metric learning Uncertain
missing

ADNI Integrate metric learning with
the data generating process to
address the missing modality
problem in patient similarity
analysis.

Consider only incomplete
pairwise modalities.
Healthcare domain
application.

HGMF
[22]

Join learning Graph-based
transductive
learning

Multimodal
analysis

Uncertain
missing

ModelNet40, NT,
IEMOCAP

Take advantage of a
heterogeneous hypernode
graph structure to capture
interactions from incomplete
modalities

Conduct binary
classification task on only
3 emotion labels. Not
compatible with MERC

TFR-Net
[23]

Join learning Transformer MSA Uncertain
missing

CMU-MOSI,
CMU-MOSEI

Enhances models’ robustness
to random missing in
non-aligned modality
sequences.

No clear proof for this
model’s suitability in
MERC.

MMIN [5] Join learning CRA MERC Uncertain
missing

IEMOCAP,
MSP-IMPROV

Predicts the presence of any
missing modality based on the
available modalities,
considering various scenarios
of missing conditions.

Consider only the complete
absence of modalities.

SMIL [7] Generative Bayesian, Meta
Learning

Inference
Missing Modality

Severely Missing CMU-MOSI,
MM-IMDb,
avMNIST

Proposes multimodal learning
with severely missing
modality that leverages
Bayesian Meta Learning.

Only considering
incomplete pairwise
modalities.

TATE
[24]

Join learning Transformer MSA Uncertain
missing

IEMOCAP,
CMU-MOSI

Designs a tag encoding
module that addresses
scenarios when there is a
single modality or multiple
ones are missing.

No clear proof for this
model’s suitability in
MERC.

M2R2
[25]

Data
augmentation

Bidirectional
GRU, CPM-Nets

MERC Uncertain
missing

IEMOCAP, MELD Train an ERC model through
iterative data augmentation,
enhancing its performance by
learning a shared
representation.

Missing modalities at the
utterance level.

MM-Align
[26]

Join learning Optimal
Transport, Meta
Learning

MSA Severely missing CMU-MOSI,
CMU-MOSEI

Teaches the alignment
dynamics between temporal
modality for the inference in
the event of lacking modality
sequences by applying optimal
transport.

Only considering
incomplete pairwise
modalities.

MTMSA
[27]

Join learning Transformer,
Modality
Translation

MSA Uncertain
missing

CMU-MOSI,
IEMOCAP

Employ a modality translation
module to translate the visual
and auditory modalities into
the textual modality.

No clear proof for this
model’s suitability in
MERC.

GCNet
[28]

Join learning GNNs MERC Uncertain
missing

IEMOCAP,
CMU-MOSI,
CMU-MOSEI

Designs the framework to
capture temporal and speaker
information in the incomplete
conversational data.

Reconstruction loss based
on MSE might easily lead
to overfitting of the model.

DiCMoR
[29]

Generative Distribution
transfer

MSA Uncertain
missing

CMU-MOSI,
CMU-MOSEI

Transferring distributions from
available modalities to missing
modalities reduces the
distribution gap between
them.

No clear proof for this
model’s suitability in
MERC.

IMDer
[30]

Generative Score-based
diffusion

MSA Uncertain
missing

CMU-MOSI,
CMU-MOSEI

Uses a score-based diffusion
model to map input Gaussian
noise into the distribution
space of missing modalities

No clear proof for this
model’s suitability in
MERC.
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Fig. 2. This figure illustrates the Mi-CGA model’s process, starting with Incomplete Multimodal Representation (IMR), where independent representations of three modalities
undergo various missing scenarios and are concatenated to form Incomplete Features for each utterance. The incomplete representation then passes through the CGA-Net module,
comprising FE module for missing feature reconstruction, Multi-head Graph Attention Network (MulGAT) for enhancing utterance-level representation, and Cross-modal Attention
Network (CMA) for integrating information across modalities. Finally, classification predicts the emotion.

of 𝜌 ∈ [0, 1] on multimodal information, let us denote 𝑥(𝑎)𝑚𝑖𝑠𝑠𝑖 ∈ R𝑑𝑎 ,
𝑥(𝑣)𝑚𝑖𝑠𝑠𝑖 ∈ R𝑑𝑣 , and 𝑥(𝑡)𝑚𝑖𝑠𝑠𝑖 ∈ R𝑑𝑡 are incomplete representation of 𝑢(𝑎)𝑖 , 𝑢(𝑣)𝑖
and 𝑢(𝑡)𝑖 with latent dimensions 𝑑𝑎, 𝑑𝑡, 𝑑𝑣.

Considering the multimodal emotion recognition task in the pres-
ence of incomplete modalities, Mi-CGA takes the tuple (𝑥(𝑎)𝑚𝑖𝑠𝑠𝑖 , 𝑥(𝑣)𝑚𝑖𝑠𝑠𝑖 ,
𝑥(𝑡)𝑚𝑖𝑠𝑠𝑖 ) as input and seeks to predict the corresponding emotion label
𝑦̂𝑖 of 𝑈𝑖 from a predefined emotion label set 𝐸 = {𝑦1, 𝑦2,… , 𝑦

|𝐸|

}.

3.2. Incomplete Multimodal Representation(IMR)

3.2.1. Unimodal encoder
The Unimodal Encoder generates utterance-level embeddings for

each modality. For text, we employ a bi-directional Long Short-Term
Memory network (biLSTM) to capture sequential contextual informa-
tion. For visual and acoustic modalities, we adopt a Fully Connected
Network to independently process and encode contextual features,
following the approach outlined in [36].

To express the multimodal context-aware feature encoding for each
utterance, we can adopt the following procedure:

𝑥(𝑎)𝑖 = 𝑊 𝑎
𝑒 𝑢

(𝑎)
𝑖 + 𝑏(𝑎)𝑖 (1)

𝑥(𝑣)𝑖 = 𝑊 𝑣
𝑒 𝑢

(𝑣)
𝑖 + 𝑏(𝑣)𝑖 (2)

𝑥(𝑡)𝑖 = [⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃗𝐿𝑆 𝑇 𝑀(𝑢(𝑡)𝑖 , 𝑥(𝑡)𝑖−1), ⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖𝐿𝑆 𝑇 𝑀(𝑢(𝑡)𝑖 , 𝑥(𝑡)𝑖+1)] (3)

where 𝑥(𝑎)𝑖 ∈ R𝑑𝑎 , 𝑥(𝑣)𝑖 ∈ R𝑑𝑣 , 𝑥(𝑡)𝑖 ∈ R𝑑𝑡 are context-aware representa-
tions for audio, visual and text modalities respectively, and 𝑑𝑎, 𝑑𝑣, 𝑑𝑡
are latent dimensions; 𝑊 𝑣

𝑒 , 𝑊 𝑎
𝑒 are parameters to be learned.

For a given conversation 𝐶, the multimodal sequences denoted as
𝐗 = [𝐗(𝑎),𝐗(𝑡),𝐗(𝑣)] could be constructed as:

𝐗(𝑎) = [𝑥(𝑎)1 , 𝑥(𝑎)2 ,… , 𝑥(𝑎)𝑁 ] (4)

𝐗(𝑣) = [𝑥(𝑣)1 , 𝑥(𝑣)2 ,… , 𝑥(𝑣)𝑁 ] (5)

Fig. 3. Seven missing patterns for 𝑀 = 3. Each row illustrates a missing pattern, in
which a rectangle with diagonal lines implies the missing modality.

𝐗(𝑡) = [𝑥(𝑡)1 , 𝑥(𝑡)2 ,… , 𝑥(𝑡)𝑁 ] (6)

where 𝐗(𝑎) ∈ R𝑁×𝑑𝑎 ,𝐗(𝑣) ∈ R𝑁×𝑑𝑣 ,𝐗(𝑡) ∈ R𝑁×𝑑𝑡 .

3.2.2. Missing mask generation
Similar to GCNet [28], we simulate the presence of incomplete

modalities across the entire conversation with an overall missing rate
𝜌. It is important to ensure each training sample retains at least one
available modality so that 𝜌 is bounded in [0, 𝑀−1

𝑀 ], where 𝑀 is the
number of modalities. Fig. 3 shows a trimodal dataset (𝑀 = 3) with
seven distinct missing patterns.

The missing mask matrix  is generated for the entire conversation
𝐶 with a given 𝜌. Each utterance, having 𝑀 modalities, simulates
missing modalities by randomly selecting which ones will be missing
based on a probability of 𝜌. This consistent missing rate is maintained
throughout training, validation, and testing phases.
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Fig. 4. Multimodal Feature Estimation Module (FE).

Let us denote 𝐗𝑚𝑖𝑠𝑠 = [𝐗(𝑎)𝑚𝑖𝑠𝑠 ,𝐗(𝑡)𝑚𝑖𝑠𝑠 ,𝐗(𝑣)𝑚𝑖𝑠𝑠 ] ∈ R𝑁×𝑑 as the
conversation-level representation in the presence of incomplete modal-
ities with the missing rate 𝜌. It is inferred as follows:

𝐗𝑚𝑖𝑠𝑠 = 𝐗⊙ (7)

where  ∈ {0, 1}𝑁×𝑑 , 𝐗 = [𝐗(𝑎),𝐗(𝑡),𝐗(𝑣)] ∈ R𝑁×𝑑 denotes the
feature matrix representing all utterances in the input conversation,
𝑑 = 𝑑𝑎 + 𝑑𝑡 + 𝑑𝑣 and ⊙ is the element-wise multiplication.

3.2.3. Enhancing conversation-level representation with speaker embedding
Recent studies [36,37] validate the significance of the speaker infor-

mation in improving utterance representations. Inspired by this finding,
we employ a procedure S-Emb to generate latent representations based
on the identities of speakers. Given a conversation 𝐶 and its respective
speaker set 𝑆, the embedding 𝑒𝑚𝑏 ∈ R𝑁×|𝑆| of the participants is:
𝑆𝑒𝑚𝑏 = 𝐒 − 𝐄𝐦𝐛(𝑆) (8)

The enhanced conversation-level representation 𝐗𝑚𝑖𝑠𝑠
𝑠𝑝𝑘 ∈ R𝑁×𝑑 (𝑑 =

𝑑 + |𝑆|) by incorporating the corresponding speaker embeddings is as
follows:

𝐗𝑚𝑖𝑠𝑠
𝑠𝑝𝑘 = 𝜂 𝑆𝑒𝑚𝑏 ⊕ 𝐗𝑚𝑖𝑠𝑠 (9)

where 𝜂 ∈ [0, 1] denotes the contribution ratio, ⊕ is a concatenation
operation.

3.3. Cross-modal Graph Attention Network (CGA-net)

We build a graph ( , ) to represent the multimodal data, in
which each conversation is considered a fully connected graph and each
utterance is a node 𝑣𝑖 ∈  , 𝑣𝑖 contain information of three modalities
𝑣𝑖 = [𝑣𝑎𝑖 , 𝑣𝑣𝑖 , 𝑣𝑡𝑖]. For edges construction, we assume that each utterance
has the connections to others in the same dialogue. The connection of
nodes is represented in form of an adjacency matrix 𝐀.

3.3.1. Modality Feature Estimation (FE)
Interconnected nodes associating with neighboring utterances and

sharing mutual modal information may exhibit an underlying resem-
blance, which could be useful to help reconstruct missing features.
Motivated from this intuition, we propose a multimodal feature esti-
mation module consisting of a GNN-based encoder 𝑓 and a MLP-based
decoder 𝑔 as Fig. 4. The encoder 𝑓 is to generate an embedding vector
for each node in line with the prevailing topological relationships

while the decoder 𝑔 is to approximate the missing features. The coarse
reconstructed representation 𝐗𝑐 𝑜𝑎𝑟𝑠𝑒 ∈ R𝑁×𝑑 of the conversation 𝐶 is as
follows:

𝐗𝑐 𝑜𝑎𝑟𝑠𝑒 = 𝑔𝜃
(

𝑓𝜙(𝐗𝑚𝑖𝑠𝑠
𝑠𝑝𝑘 , 𝐀̃)

)

(10)

where 𝜙, 𝜃 are learnable parameters of 𝑓 , 𝑔. Specifically, we build the
encoder network 𝑓𝜙 upon GGCN1) [38], 𝐀̃ = 𝐃̂−1∕2𝐀̂𝐃̂−1∕2 is the
symmetric normalization of 𝐀̂ = 𝐀 + 𝐈, and 𝐈 ∈ R𝑁×𝑁 being the
identity matrix. For the decoder 𝑔𝜃 , we adopt a linear transformation
as 𝑔𝜃(𝑧) = 𝐖𝜃𝑧+ 𝑏𝜃 , where 𝑊𝜃 and 𝑏𝜃 are learnable weights and biases.
Using Eq. (10), the missing positions corresponding to the generated
missing mask are populated with values from the reconstructed matrix
at those same positions.

Although the imputed features using neighbors’ information might
contain sufficient information, the reconstructed values and existing
values in 𝐗𝑐 𝑜𝑎𝑟𝑠𝑒 maybe very distinguishable which could cause poor
performance in the final classification. To overcome this problem, a
smooth step is employed by adding a normalization layer to generate
the final imputed conversation-level representation 𝐗𝐹 𝐸 ∈ R𝑁×𝑑 as
follows:

𝐗𝐹 𝐸 = 𝑁 𝑜𝑟𝑚(𝐗𝑐 𝑜𝑎𝑟𝑠𝑒,𝐗𝑚𝑖𝑠𝑠
𝑠𝑝𝑘 ) (11)

= (1 − 𝜆)𝐗𝑐 𝑜𝑎𝑟𝑠𝑒 + 𝜆𝐗𝑚𝑖𝑠𝑠
𝑠𝑝𝑘 (12)

where 𝜆 is the controlling hyperparameter.
To amplify the significance of the FE layer, we integrate a recon-

struction objective function into the overall objective function, which
will be presented in Section 3.5.

3.3.2. Multi-head Graph Attention Network (mulgat)
GNNs [39] involve information aggregation from neighbors and

state updating to refine node states. A key challenge is accurately
capturing complex relationships within the graph, especially when
reconstructing missing features. Graph Attention Networks (GATs) [40]
address this by using attention-based aggregation, assigning different
importance to neighbors, which effectively focuses on relevant parts of
the graph.

Inspired by GAT, we introduce a single-head graph attention sub-
layer, S-GAT for short, to help improve the utterance-level representa-
tion within a conversation as:

𝐗̂𝐹 𝐸 = 𝐒 −𝐆𝐀𝐓(𝐗𝐹 𝐸 , 𝛩) (13)

where 𝐗̂𝐹 𝐸 ∈ R𝑁×𝑑 is the enhanced representation of 𝐗𝐹 𝐸 , and 𝛩 is
the parameter set of 𝐒 −𝐆𝐀𝐓 to be learned.

For each node 𝑣𝑖 ∈ , let us consider its respective feature vector
𝑥𝑖 ∈ R𝑑 , and neighbor set (𝑣𝑖) = {𝑣𝑗 ∈ |(𝑣𝑗 , 𝑣𝑖) ∈ }. The
fundamental processes of S-GAT can be described as follows: Aggre-
gation: The attention mechanism is employed to infer the aggregated
representation 𝐱𝑎𝑔 𝑔 ,𝑖 ∈ R𝑑 for each node 𝑣𝑖 as:

𝐱𝑎𝑔 𝑔 ,𝑖 =
∑

𝑣𝑗∈(𝑣𝑖 )

𝛼𝑖𝑗𝑊𝑎𝑔 𝑔𝐱𝑗 (14)

where 𝛼𝑖𝑗 signifies the attention coefficient or edge weight between
node 𝑣𝑖 and its neighboring node 𝑣𝑗 ; 𝑊𝑎𝑔 𝑔 ∈ R𝑑×𝑑 is a learnable pa-
rameter. Followed by GATv2s [41], we compute attention coefficients
as the following:

𝛼𝑖𝑗 =
exp(𝑒𝑖,𝑗 )

∑

𝑣𝑗∈(𝑣𝑖 )
exp(𝑒𝑖,𝑗 )

(15)

where 𝑒𝑖,𝑗 measures the significance of the features of the neighbor 𝑣𝑗
to the node 𝑣𝑖, which is computed as:

𝑒𝑖,𝑗 = 𝛷⊤
𝑎𝑡𝑡𝜎

(

𝛩𝑎𝑡𝑡[𝐱𝑖 ⊕ 𝐱𝑗 ]
)

(16)

1 It is no difficult to replace GCN with other graph neural networks
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Fig. 5. Crossmodal attention between sequence 𝐗𝛿 and 𝐗𝛾 .

in which 𝛷𝑎𝑡𝑡, 𝛩𝑎𝑡𝑡 ∈ R2×𝑑 are parameters to be learned; 𝜎 denotes a
non-linear activation function, e.g., LeakyReLU; and ⊕ represents the
concatenation operation.

State updating: The enhanced representation 𝐱𝑐 𝑜𝑚,𝑖 ∈ R𝑑 of 𝐱𝑖 by
the weighted average of the aggregated representations of neighboring
nodes as:

𝐱𝑐 𝑜𝑚,𝑖 = 𝜎
(

∑

𝑣𝑗∈(𝑣𝑖 )

𝛼𝑖𝑗𝑊𝑐 𝑜𝑚𝐱𝑎𝑔 𝑔 ,𝑗
)

(17)

where 𝛼𝑖𝑗 is attention coefficient computed as Eq. (15); 𝑊𝑐 𝑜𝑚 is a
parameter to be learned; and 𝜎 is a non-linear activation function,
e.g., LeakyReLU. As a result, 𝐗̂𝐹 𝐸 is built via concatenating all 𝐱𝑐 𝑜𝑚,𝑖, 𝑖 ∈
[1, 𝑁] of nodes, i.e., utterances, with their respective orders within the
conversation 𝐶.

To stabilize the learning process of self-attention, we employ the
multi-head attention mechanism (MulGAT) based on the concatenate
strategy to derive the utterance-level representation in 𝐗𝐹 𝐸 . Formally,
the enhanced representation 𝐗𝐺 𝐴𝑇 using MulGAT is inferred as follows:

𝐗𝐺 𝐴𝑇 = 𝐌𝐮𝐥𝐆𝐀𝐓(𝐗𝐹 𝐸 , 𝛹 ) = 𝛹
[

𝐗̂𝐹 𝐸
1 ,… , 𝐗̂𝐹 𝐸

𝐻

]

(18)

where 𝐻 is the number of attention heads, 𝐗̂𝐹 𝐸
𝑖 is the output from the

𝑖th 𝐒 −𝐆𝐀𝐓, and the bracket expresses the concatenation of single-head
outputs, 𝛹 is a trainable parameter.

3.3.3. Cross-modal Attention Network (CMA)
Inspired by the decoder transformer in Neural Machine Transla-

tion [42], offering a latent adaptation across modalities is an effective
strategy to fuse cross-modal information. Given two input modalities
𝛿 and 𝛾, it is straightforward to extract the two respective uni-modal
sequences denoted as 𝐗𝛿 ∈ R𝑁×𝑑𝛿 and 𝐗𝛾 ∈ R𝑁×𝑑𝛾 . To capture
interactions between every modality pair, Fig. 5 shows how we apply
the cross-modal attention mechanism (CMA) to measure the transmit-
ting information from modality 𝛿 to modality 𝛾, which is denoted as
‘‘𝛿 → 𝛾 ’’. Specifically, the cross-modal attention 𝐇𝛾 from modality 𝛿 to
modality 𝛾 is expressed through the CMA module as follows:

𝐇𝛾 = 𝐂𝐌𝐀𝛿→𝛾 (𝐗𝛿 ,𝐗𝛾 ) (19)

= Softmax
(

𝑄𝛾 (𝐾𝛿)⊤
√

𝑑𝑘

)

𝑉 𝛿 (20)

= Softmax
(𝐗𝛾𝑊𝑄𝛾 (𝐗𝛿)⊤(𝑊𝐾𝛿 )⊤

√

𝑑𝑘

)

𝐗𝛿𝑊𝑉 𝛿 (21)

where we employ scaled dot-product attention from [42] with the
Queries as 𝑄𝛾 = 𝐗𝛾𝑊𝑄𝛾 , Keys as 𝐾𝛿 = 𝐗𝛿𝑊𝐾𝛿 , and Values as 𝑉 𝛿 =
𝐗𝛿𝑊𝑉 𝛿 ; 𝑊𝑄𝛾 ∈ R𝑑𝛾×𝑑𝑄 , 𝑊𝐾𝛿 ∈ R𝑑𝛿×𝑑𝐾 , and 𝑊𝑉 𝛿 ∈ R𝑑𝛿×𝑑𝑉 are trainable
weights with 𝑑𝑄, 𝑑𝐾 , 𝑑𝑉 representing the respective dimensions of
queues, keys, and values; and 𝑑(.) denotes the feature dimension,

√

𝑑𝑘
is a scaling factor; 𝐇𝛾 ∈ R𝑁×𝑑𝑉 .

Likewise, we can also obtain the cross-modal attention 𝐇𝛿 ∶=
𝐂𝐌𝐀𝛾→𝛿(𝐗𝛾 ,𝐗𝛿) ∈ R𝑁×𝑑𝑉 . Finally, these cross-modal attention rep-
resentations are concatenated to procedure the cross-modal attention
representation for the entire dialogue denoted as 𝐗𝛿⇄𝛾 ∈ R2×𝑑𝑉 .

𝐗𝛿⇄𝛾 = [𝐇𝛾 ,𝐇𝛿] (22)

Revisiting the incomplete multimodal approach, we can compute the
cross-modal attention representations for the conversation 𝐶 as the
following:
𝐗𝑎⇄𝑡
𝐶 𝑟𝑜𝑠𝑠 = 𝐂𝐌𝐀𝑎⇄𝑡(𝐗(𝑎)𝐹 𝐸 ,𝐗(𝑡)𝐹 𝐸 )

𝐗𝑡⇄𝑣
𝐶 𝑟𝑜𝑠𝑠 = 𝐂𝐌𝐀𝑡⇄𝑣(𝐗(𝑡)𝐹 𝐸 ,𝐗(𝑣)𝐹 𝐸 )

𝐗𝑣⇄𝑎
𝐶 𝑟𝑜𝑠𝑠 = 𝐂𝐌𝐀𝑣⇄𝑎(𝐗(𝑣)𝐹 𝐸 ,𝐗(𝑎)𝐹 𝐸 )

(23)

where 𝐗(𝑎)𝐹 𝐸 ∈ R𝑑𝑎 , 𝐗(𝑡)𝐹 𝐸 ∈ R𝑑𝑡 , and 𝐗(𝑣)𝐹 𝐸 ∈ R𝑑𝑣 present the feature
representations of audio, textual, and visual modalities inferred from
the FE module in Section 3.3.1. The aggregated cross-modal attention
representation 𝑋𝐶 𝑟𝑜𝑠𝑠 of a given conversation 𝐶 is computed as:

𝐗𝐶 𝑟𝑜𝑠𝑠 = [𝐗𝑎⇄𝑡
𝐶 𝑟𝑜𝑠𝑠,𝐗𝑡⇄𝑣

𝐶 𝑟𝑜𝑠𝑠,𝐗𝑣⇄𝑎
𝐶 𝑟𝑜𝑠𝑠] (24)

where the bracket manifests the concatenation operation.

3.4. Emotion classification

To utilize both topology-dependent and cross-modal attention mech-
anism, we then concatenate all attention components at the final stage
to generate the final feature representation as follows:

𝐗Final = [𝐗𝐺 𝐴𝑇 ,𝐗𝐶 𝑟𝑜𝑠𝑠] (25)

For each utterance 𝑈𝑖 ∈ 𝐶, feature vector 𝑥̂𝑖 ∈ 𝐗Final is fed through a
fully-connected layer to predict the emotion label 𝑦̂𝑖 of the utterance
𝑢𝑖:
𝑙𝑖 = RELU(𝑊𝑙𝑥̂𝑖 + 𝑏𝑙)

𝑠𝑖 = Softmax(𝑊𝑠𝑙𝑖 + 𝑏𝑠)

𝑦𝑖 = ar gmin
𝑘

(𝑠𝑖[𝑘])
(26)

where 𝑊𝑙 ∈ R𝑑×𝑑 , 𝑏𝑙 ∈ R𝑑 , 𝑊𝑠 ∈ R|𝐸|×𝑑 , 𝑏𝑠 ∈ R|𝐸| are parameters to be
learned.

3.5. Model training

Here, we propose a dual-loss objective function to concurrently
minimize both classification and reconstruction loss as follows:

 = 𝑐 𝑙 𝑠 + 𝑟𝑐 𝑡 (27)

where 𝑐 𝑙 𝑠 is the classification objective function with 𝑦𝑖 ∈ {0, 1}|𝐸| is
the ground-truth one-hot label, we have:

𝑐 𝑙 𝑠 = − 1
𝐿

𝐿
∑

𝑖=1
𝑦𝑖𝑙 𝑜𝑔(𝑦𝑖) (28)

Equally important, 𝑟𝑐 𝑡 is referred to the reconstruction objective func-
tion. Here, we aim to exploit two approaches for computing 𝑟𝑐 𝑡
including Mean Square Error (MSE) versus Kullback–Leibler divergence
(KL-divergence). The 𝑀 𝑆 𝐸 is computed as follows:

𝑀 𝑆 𝐸 = 1
∥ 𝑋 ∥

∥𝑋∥
∑

(𝐗 − 𝐗𝐹 𝐸 )2 (29)

where 𝐗,𝐗𝐹 𝐸 denote original feature matrix and imputed feature ma-
trix respectively; ∥ 𝑋 ∥ denoted for size of feature vector 𝑋. As another
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Algorithm 1 Mi-CGA Training Procedure

Input: The training set  = {(𝑥(𝑡)𝑖 , 𝑥(𝑎)𝑖 , 𝑥(𝑣)𝑖 ), 𝑦𝑖}𝑁𝑖=1, 𝑚 ∈ {𝑡, 𝑎, 𝑣}
Output: Prediction emotion label 𝑦̂
1: Phase 1. Incomplete Multimodal Representation (IMR)
2: Encode unimodal to multimodal feature X as Eq. (1)–(6)
3: Create a missing mask matrix  with a missing ratio 𝜌.
4: Create a conversation-level representation X𝑚𝑖𝑠𝑠 = X ⊙  with missing

ratio 𝜌 as Eq. (7).
5: Enhance conversation-level representation with speaker embedding X𝑚𝑖𝑠𝑠

𝑠𝑝𝑘
as Eq. (8)–(9)

6: for each training epoch do
7: for batch in dataLoader do
8: Phase 2. Cross-modal Graph Attention Network (CGA-Net)
9: Create reconstructed representation X𝑐 𝑜𝑎𝑟𝑠𝑒 = 𝑔𝜃

(

𝑓𝜙(X𝑚𝑖𝑠𝑠
𝑠𝑝𝑘 , Ã)

)

using
encoder 𝑓 and decoder 𝑔 as Eq. (10)

10: Generate the final feature estimated representation X𝐹 𝐸 with
smoothing factor 𝜆 as Eqs. (11)–(12)

11: Improve utterance-level representation X𝐹 𝐸 to X̂𝐹 𝐸 using sublayer
S-GAT as Eqs. (13)–(17)

12: Create enhanced representation X𝐺 𝐴𝑇 using multi-head attention
mechanism MulGAT as Eq. (18)

13: Compute the cross-modal attention representation X𝐶 𝑟𝑜𝑠𝑠 using
Cross-modal Attention (CMA) as Eqs. (23)–(24)

14: Phase 3. Emotion Classification
15: Generate the final feature representation at the final stage by the

concatenation operation: XFinal = [X𝐺 𝐴𝑇 ,X𝐶 𝑟𝑜𝑠𝑠]
16: Calculate the predicted emotion label 𝑦̂ as Eq. (26)
17: Phase 4. Model Optimization
18: Create dual-loss objective function to concurrently minimize both

classification and reconstruction  = 𝑐 𝑙 𝑠 + 𝑟𝑐 𝑡 as Eqs. (27)–(30)
19: Update all network parameters using BP algorithm
20: end for
21: end for

option, 𝐾 𝐿 is estimated as:
𝐾 𝐿 = 𝐷𝐾 𝐿(𝑝 ∥ 𝑝̂)

=
∑

𝑖∈𝑝̂
𝑝𝑙 𝑜𝑔 𝑝

𝑝̂𝑖
+ (1 − 𝑝)𝑙 𝑜𝑔 1 − 𝑝

1 − 𝑝̂𝑖
(30)

where 𝑝 is sparsity parameter and 𝑝̂ = Sigmoid(𝐗𝐹 𝐸 ) is expected as the
fraction of activation of neurons. Similar to the idea of Sparse Auto-
Encoder [43], instead of reconstructing whole features that could lead
to over-fitting, we assume that reconstructed 𝑝̂ should only recover the
fraction of activation of neurons. Therefore, we desire to minimize the
difference between two distributions is measured by the KL-divergence.

The entire calculation process of the Mi-CGA model is described in
Algorithm 1.

4. Experimental setup

4.1. Datasets

We consider three real-life dataset namely IEMOCAP [44], CMU-
MOSI [45], and CMU-MOSEI [46]. Consistent with prior research [5,
28], our primary focus is on the Multimodal ERC task.

To ensure a fair comparison, we adopt two prevalent label pro-
cessing methods in IEMOCAP dataset: the four-class (4-way) [11,47]
and the six-class (6-way) [48,49]. For CMU-MOSI and CMU-MOSEI, we
address the positive/negative classification problem, where scores < 0
are negative and scores > 0 are positive. The datasets are split into
train and test sets with an 8:2 ratio. The data distribution is shown in
Table 2.

IEMOCAP [44] is a multimodal ERC dataset of 10,000 videos
capturing actors’ emotional conversations, labeled with one of six emo-
tions: happy, sad, neutral, angry, excited, frustrated. For clarity, pairs like
(happy, excited) and (sad, frustrated) are combined, creating a 4-way

Table 2
Data Statistics.

Datasets Dialogues Utterances

Train Valid Test Train Valid Test

IEMOCAP (6-way) 120 31 5,810 1,623
IEMOCAP (4-way) 120 31 4,290 1,241
CMU-MOSI 52 10 31 1,284 229 686
CMU-MOSEI 2,248 300 676 16,326 1,871 4,659

dataset.
CMU-MOSI [45] is a multimodal sentiment analysis dataset with

2199 short video snippets from 93 YouTube movie reviews, each
labeled with a sentiment score from −3 to +3.

CMU-MOSEI [46] is an extended version of MOSI, featuring 22,856
annotated clips with sentiment and emotion labels, offering more di-
verse samples, speakers, and topics.

4.2. Feature extraction

We analyze three modalities: acoustic, lexical, and visual. To ensure
a fair comparison, we use the multimodal feature extraction process
from GCNet [28].2 The extraction process is as follows:

Text Modality: We use the pre-trained DeBERTa-large model [50],3
which improves upon BERT [51] and RoBERTa, to extract 1024-
dimensional lexical features for each utterance.

Audio Modality: Acoustic feature extraction relies on the pre-
trained wav2vec model [52]. Specifically, we use the pre-trained
wav2vec-large4 to extract 512-dimensional acoustic representations for
each utterance.

Visual Modality: We use the pre-trained MA-Net [53]5 for visual
feature extraction. Aligned faces are obtained through MTCNN [54],
and average encoding is applied to condense features into 1024-
dimensional representations for each utterance.

4.3. Baselines

To comprehensively assess Mi-CGA’s performance, we conducted
a thorough comparison with various baselines and state-of-the-art
(SOTA) models in incomplete multimodal ERC. These include CPM-
Net [20], AE [55], CRA [19], MMIN [5], GCNet [28], DiCMoR [29],
and IMDer [30]. Brief descriptions of these baselines are provided in
the Related Works section.

4.4. Evaluation strategy

For each testing dialogue, Mi-CGA and baseline models are required
to generate the predicted emotion label for every single utterance
within the conversation. Similar to related baselines, the accuracy
(Acc.) and weighted-F1 score (w-F1.) are used in our experiment as
the evaluation metrics.

4.5. Implementation details

We utilize Adam optimizer with a learning rate of 0.003 and weight
decay of 1𝑒−5 with a number of epochs is 200. All experiments are
conducted on a machine with NVIDIA RTX 3060Ti with 12 GB of
memory. For the structure of Mi-CGA, we stack 2 layers of GAT along
with 4-head attentions. The coefficient 𝜆 in Eqs. (11)–(12) and 𝑝 is set
to default as 0.5 and 0.2 respectively.

2 https://github.com/zeroQiaoba/GCNet
3 https://huggingface.co/microsoft/deberta-large
4 https://github.com/pytorch/fairseq/tree/main/examples/wav2vec
5 https://github.com/zengqunzhao/MA-Net
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Table 3
Comparison with existing works for various missing rates. We report the weighted
average F1 (w-F1) scores in percentages, where a higher w-F1 indicates superior
performance. The best result is indicated in bold, while the second-highest one is
marked with the underline. The row 𝛥 quantifies the improvements of Mi-CGA over
the second-highest model.

Dataset Models Missing rates

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 Average

IEMOCAP
(4-way)

CPM-Net 58.00 55.29 53.65 52.52 51.01 49.09 47.38 44.76 51.46
AE 74.82 71.36 67.40 62.02 57.24 50.56 43.04 39.86 58.29
CRA 76.26 71.28 67.34 62.24 57.04 49.86 43.22 38.56 58.23
MMIN 74.94 71.84 69.36 66.34 63.30 60.54 57.52 55.44 64.91
GCNet 78.36 77.48 77.34 76.22 75.14 73.80 71.88 71.38 75.20
Mi-CGA 83.42 82.83 82.27 81.50 83.17 80.08 79.96 79.35 81.50

𝛥 5.06 5.35 4.93 5.28 8.03 6.28 8.08 7.97 6.30

IEMOCAP
(6-way)

CPM-Net 41.05 37.33 36.22 35.73 35.11 33.64 32.26 31.25 35.32
AE 56.76 52.82 48.66 42.26 35.18 29.12 25.08 23.18 39.13
CRA 58.68 53.50 49.76 45.88 39.94 32.88 28.08 26.16 41.86
MMIN 56.96 53.94 51.46 48.42 45.60 42.82 40.18 37.84 47.15
GCNet 58.64 58.50 57.64 57.08 56.12 54.40 53.60 53.46 56.18
Mi-CGA 66.04 65.83 64.07 63.08 61.72 59.96 59.52 59.18 62.65

𝛥 7.36 7.33 6.43 6.00 5.60 5.56 5.92 5.72 6.47

CMU-MOSI

CPM-Net 71.90 68.91 71.12 70.59 64.95 65.88 64.02 61.79 67.77
AE 56.76 52.82 48.66 42.26 35.18 29.12 25.08 23.18 39.13
CRA 58.68 53.50 49.76 45.88 39.94 32.88 28.08 26.16 41.86
MMIN 85.20 81.91 78.22 74.60 70.14 67.72 64.04 61.53 72.92
GCNet 85.01 82.54 80.17 78.54 76.48 73.45 69.46 68.35 76.75
DiCMoR 85.60 83.90 82.00 80.20 77.70 76.40 73.00 70.08 78.70
IMDer 85.60 84.80 83.40 81.00 78.50 75.90 74.00 71.20 79.30
Mi-CGA 87.21 85.02 83.28 81.83 79.56 78.62 75.63 73.05 80.05

𝛥 1.61 0.22 −0.12 0.83 1.06 2.22 1.63 1.85 0.75

CMU-MOSEI

CPM-Net 78.47 74.79 74.48 73.81 72.39 70.43 68.73 67.07 72.52
AE 86.66 84.37 82.58 80.57 78.80 76.43 74.26 72.81 79.56
CRA 86.48 84.19 82.25 80.12 78.55 75.85 74.07 72.46 79.25
MMIN 85.78 83.77 81.85 79.77 77.63 75.36 72.95 71.18 78.54
GCNet 87.12 86.50 85.50 84.53 83.55 82.44 80.27 80.20 83.76
DiCMoR 85.10 83.50 81.50 79.30 77.40 75.80 73.70 72.20 78.60
IMDer 85.10 84.60 82.40 80.70 78.10 77.40 75.50 74.60 79.80
Mi-CGA 87.61 86.21 85.80 84.81 84.26 84.82 82.85 81.56 83.92

𝛥 0.49 −0.29 0.30 0.28 0.71 2.38 2.58 1.36 0.16

5. Results and analysis

This section provides a comprehensive analysis and discussion of
the experimental results. We conduct sufficient experiments to verify
the following four research questions:

RQ1. Comparison with SOTA baseline models (Section 5.1): Does
Mi-CGA demonstrate superior performance in terms of weighted
average F1 (w-F1) compared to baseline models in Multimodal
ERC?

RQ2. Importance of the Modalities (Section 5.2): How does the
utilization of different modalities impact the performance and
effectiveness of Mi-CGA with varying missing modality ratios?

RQ3. Effects of MulGAT and CMA in CGA-Net (Section 5.3): To what
extent do the various modules in CGA-Net contribute to the
overall performance?

RQ4. Advantage of FE Module (Section 5.4): What are advantages of
the Feature Estimation (FE) module compared to naive imputa-
tion methods?

5.1. Performance comparison with SOTA baseline models (RQ1)

Table 3 shows the comparison results of Mi-CGA against the SOTA
techniques in Multimodal ERC with feature incompleteness. Addition-
ally, we provide the average performance across all missing rate ratios
to offer a comprehensive assessment of our model’s effectiveness.

Our proposed model, Mi-CGA, consistently outperforms competing
approaches across multiple datasets. On the IEMOCAP (4-way) dataset,

Table 4
Results of modality ablation experiments on IEMOCAP dataset. Here, ‘‘A’’, ‘‘V’’, and
‘‘T’’ represent the audio, visual, and textual modalities, respectively. The best results
are bolded, the second-highest result is denoted by the underline, and ‘‘-’’ signifies that
no results were observed at that missing rate.

Modalities IEMOCAP (6-way)

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

A 51.33 – – – – – – –
V 46.02 – – – – – – –
T 63.76 – – – – – – –

A+V 54.96 53.98 51.69 50.82 52.23 51.71 – –
A+T 65.67 64.92 63.25 61.13 60.53 60.41 – –
V+T 65.39 65.37 63.28 60.02 59.91 59.63 – –

A+V+T 66.04 65.83 64.07 63.08 61.72 59.96 59.52 59.18

Modalities IEMOCAP (4-way)

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

A 73.77 – – – – – – –
V 63.68 – – – – – – –
T 80.70 – – – – – – –

A+V 75.22 75.66 74.87 75.56 74.01 78.26 – –
A+T 81.50 81.40 79.50 79.90 78.61 77.93 – –
V+T 82.91 82.44 80.77 80.79 80.34 79.60 – –

A+V+T 83.42 82.83 82.27 81.72 82.37 80.08 79.96 79.35

it shows a performance gain of 6.30% over GCNet in average w-F1
score. For IEMOCAP (6-way), Mi-CGA sets a new SOTA record with
62.65% accuracy, improving by 6.47% over the prior best-performing
model (GCNet). Similar improvements are observed on the CMU-MOSI
and CMU-MOSEI datasets, validating the robustness and effectiveness
of our approach in incomplete multimodal learning for Multimodal
ERC.

Delving further into the results associated with varying data in-
completeness ratios, ranging from complete data (𝜌 = 0.0) to se-
vere missing data (𝜌 = 0.7), reveals that our model demonstrates
effectiveness in scenarios with both complete and incomplete modal-
ities. Specifically, in the context of modality-complete data (i.e., 𝜌 =
0.0), our model Mi-CGA consistently demonstrates significant improve-
ments across all datasets, ranging from 0.49% (CMU-MOSEI) to 7.36%
(IEMOCAP 6-way) compared to currently advanced approaches. This
phenomenon is also observed in severely modality-incomplete data
(i.e., 𝜌 = 0.7), with improvements ranging from 1.36% (CMU-MOSEI)
to 7.97% (IEMOCAP(4-way)) compared to other baseline models.

Moreover, the experimental results presented in Table 3 clearly
demonstrate that Mi-CGA exhibits significantly smaller performance
degradation compared to the baseline models as the missing rate in-
creases. In IEMOCAP (6-way) dataset, the performance of the baseline
models drop significantly, with declines ranging from 6.98% (GCNet) to
37.70% (CRA). In contrast, our Mi-CGA exhibits a much more modest
decline, experiencing only a 4.07% decrease in performance. This trend
holds across the remaining datasets, where our model also achieves
comparable results with other currently advanced models.

5.2. Importance of the modalities (RQ2)

In this experimental setup, three scenarios were considered: (S1)
Exclusive use of a single modality for analysis, ensuring no missing
modalities given the assumption detailed in Section 3.2 (i.e., 𝜌 =
0.0); (S2) Utilization of any two modalities for emotion recognition
(e.g., A+V, A+T, and V+T), with varying missing modality ratios from
𝜌 = 0.0 to 𝜌 = 0.5; (S3) Simultaneous employment of all three modalities
(A+V+T), with missing modality ratios ranging from 𝜌 = 0.0 to 𝜌 = 0.7.

The results in Table 4 highlight the significance of modalities across
three scenarios. On the IEMOCAP (6-way) dataset (S1), the text modal-
ity outperforms audio and visual, with w-F1 scores 12.43% and 17.74%
higher, respectively. Similar trends are observed in the IEMOCAP (4-
way) dataset, with the text modality surpassing audio and visual by
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6.93% and 17.02%, respectively, affirming its prominent role in multi-
modal ERC.

In scenario S2 on the IEMOCAP (6-way) dataset, combining the
text modality with others leads to better performance compared to
combinations without it. Specifically, omitting the text modality results
in an average decrease of about 9.76% in the weighted F1 (w-F1) score
compared to combinations lacking audio or visual. When analyzing
the results in Table 4 for the IEMOCAP (6-way) dataset, especially as
the missing rate increases from 0.0 to 0.5, we observe that the A+V
combination experiences a smaller decline compared to A+T and V+T.
The performance drop for A+V is 3.24%, while for A+T and V+T,
it is 5.51% on average. This underscores the importance of the text
modality, particularly in cases of severe missing data, where incomplete
text leads to a significant overall performance drop. This trend is
similarly observed in the IEMOCAP (4-way) dataset.

For the scenario S3, the best results emerge when all three modal-
ities are employed concurrently, underscoring the synergistic contri-
butions of these modalities in the multimodal ERC task across both
datasets.

5.3. Effects of MulGAT and CMA in CGA-net (RQ3)

In these experiments, we created two model variants by selectively
removing specific modules from Mi-CGA. The goal was to assess the
effectiveness of these modules by evaluating the performance of the
resulting model variants. The following model variants were generated:
(1) 𝐂𝐆𝐀−𝐆, which omits the Multi-head Graph Attention Network
from CGA-Net; (2) 𝐂𝐆𝐀−𝐂, which excludes the Cross-modal Attention
Network from CGA-Net.

The module ablation experiment results, as presented in Table 5,
offer insights into the performance of the different model variations.
For the IEMOCAP (4-way) dataset, we observe that 𝐂𝐆𝐀−𝐆 experiences
an average reduction of 0.91% across all missing rates, while 𝐂𝐆𝐀−𝐂
shows an average decrease of 0.38% across all missing rates. These
values are slightly higher on the IEMOCAP (6-way) dataset, standing
at 2.03% and 0.45%, respectively. Importantly, 𝐂𝐆𝐀−𝐆 consistently
displays a lower overall decrease.

Similar trends are evident on both CMU-MOSI and CMU-MOSEI
datasets. However, on the CMU-MOSEI dataset at missing rates of 0.4
and 0.6, 𝐂𝐆𝐀−𝐆 achieves the best results, although the improvement
over Mi-CGA is not significantly substantial. As the data missing rates
increase, the efficacy of cross-modality learning diminishes, as the
aggregation of more information from extensively missing modalities
may introduce heightened noise into the model.

5.4. Advantage of the multimodal FE module (RQ4)

Dealing with missing data poses a fundamental challenge in ma-
chine learning. Zero imputation, a simple method, involves replacing
missing values with zeros. In graph contexts, a common approach is to
impute missing information by borrowing from neighboring nodes [56].
Here, we compare our Feature Estimation (FE) approach against two
baseline strategies: setting the global mean (MeanImp) as missing
values and assigning missing features to 0 (ZeroImp). Fig. 6 shows
the performance comparison between our FE and these imputation
strategies.

In the CMU-MOSI dataset, our FE module maintains stable per-
formance with increasing missing data levels. However, the ZeroImp
strategy shows a notable performance drop from 73.11% to 53.32%
(a decrease of 19.79%). Similarly, the MeanImp strategy also sees a
decrease of about 19.21% as missing data levels rise. Filling missing
values with zeros or global means cannot recover lost information,
leading to significant performance degradation when learning from the
remaining non-zero data points. Using neighboring node averages for
imputation proves ineffective as the missing rate rises, as it still relies
on zero-dominated averages. Overall, our FE approach consistently
outperforms the naive imputation strategies and provides results that
are significantly more competitive and reliable.

Table 5
Effectiveness of MulGAT and CMA. ‘‘𝐂𝐆𝐀−𝐺 ’’ and ‘‘𝐂𝐆𝐀−𝐶 ’’ denote the absence of the
MulGAT and CMA modules in CGA-Net respectively. The best results are indicated in
bold.
𝜌 Module IEMOCAP

(4-way)
IEMOCAP
(6-way)

CMU-MOSI CMU-MOSEI

0.0
𝐂𝐆𝐀−𝐺 81.59 63.59 80.63 87.58
𝐂𝐆𝐀−𝐶 83.21 65.52 78.51 87.62
Mi-CGA 83.42 66.04 87.21 87.61

0.1
𝐂𝐆𝐀−𝐺 81.58 63.84 75.29 86.33
𝐂𝐆𝐀−𝐶 82.74 65.26 76.15 86.37
Mi-CGA 82.83 65.83 85.02 86.50

0.2
𝐂𝐆𝐀−𝐺 81.70 61.60 76.16 85.23
𝐂𝐆𝐀−𝐶 82.20 63.90 76.65 85.25
Mi-CGA 82.27 64.07 83.28 85.93

0.3
𝐂𝐆𝐀−𝐺 80.93 60.14 71.68 84.22
𝐂𝐆𝐀−𝐶 81.47 61.79 74.02 84.24
Mi-CGA 81.50 63.08 81.09 84.13

0.4
𝐂𝐆𝐀−𝐺 82.86 59.45 66.43 83.31
𝐂𝐆𝐀−𝐶 82.95 61.57 69.64 83.00
Mi-CGA 83.17 61.72 79.32 83.09

0.5
𝐂𝐆𝐀−𝐺 79.50 57.68 67.83 83.58
𝐂𝐆𝐀−𝐶 79.61 59.88 71.37 83.66
Mi-CGA 80.08 59.96 79.83 83.69

0.6
𝐂𝐆𝐀−𝐺 78.86 57.66 60.68 80.78
𝐂𝐆𝐀−𝐶 78.99 58.63 64.19 80.48
Mi-CGA 79.96 59.52 75.10 80.74

0.7
𝐂𝐆𝐀−𝐺 78.32 59.03 58.75 78.89
𝐂𝐆𝐀−𝐶 78.35 59.01 61.41 79.33
Mi-CGA 79.35 59.18 69.57 79.66

5.5. Ablation study

In this section, we perform ablation studies on the IEMOCAP dataset
for both the (4-way) and (6-way) settings. The goal is to investigate the
impact of the smooth factor in the Feature Estimation (FE) component
and assess the effects of different loss functions in Mi-CGA. This can be
expressed through the following questions:

Abl1. How does the smooth factor 𝜆 in the Feature Estimation (FE)
module control the impact of estimated features?

Abl2. How do the investigations of different losses in Mi-CGA impact
the model’s performance?

5.5.1. Effects of smooth factor 𝜆 in FE (Abl1)
In this section, we examine how the smoothing factor (𝜆) influences

the final estimated features (𝐗𝐹 𝐸) by bridging the gap between initial
missing features (𝐗𝑚𝑖𝑠𝑠

𝑠𝑝𝑘 ) and raw features estimated from neighboring
nodes (𝐗𝑐 𝑜𝑎𝑟𝑠𝑒). We vary 𝜆 from 0 (no smoothing) to larger values
like 0.9, indicating more influence from the coarse estimated features.
Table 6 shows the results on the IEMOCAP dataset for different 𝜆
settings.

In both the IEMOCAP (4-way) and IEMOCAP (6-way) datasets, we
observe that the optimal value for the parameter 𝜆, which maximizes
the overall performance of the Mi-CGA model, is consistently 0.5 across
various missing rates. This value signifies that the final estimated
features leverage information equally from neighboring nodes and
the original node features that were initially missing. It supplements
information from neighboring nodes without entirely discarding the
original node’s information, indicating that our Feature Estimation (FE)
module selectively augments missing features, striking a balance that
enhances the model’s performance.

5.5.2. Effect of different losses (Abl2)
To examine the impacts of different loss functions, we conduct

experiments by substituting various loss functions and evaluating their
effect on performance. Specifically, we compare the Mean Squared
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Fig. 6. Illustration of the robustness in performance of our proposed feature estimation against basis approaches in the different rate of missing in modalities. The performance
of Mi-CGA goes along with the feature estimation module is represented in red bar that indicates a notable improvement in all datasets and various missing rates.

Fig. 7. Illustration of our Mi-CGA performance with different types of objective function on IEMOCAP datasets.

Table 6
An investigation of the impact of the smoothing factor 𝜆. The best results are bolded,
the second-highest result is denoted by the underline.

Settings IEMOCAP (4-way)

0.1 0.2 0.3 0.4 0.5 0.6 0.7

w/o smooth 81.68 82.10 80.50 83.40 80.20 74.51 79.50
𝜆 = 0.1 81.61 82.19 81.57 82.68 79.88 75.05 79.73
𝜆 = 0.2 82.12 81.98 80.44 82.25 79.77 75.92 78.51
𝜆 = 0.5 82.83 82.27 81.50 83.17 80.08 77.86 80.79
𝜆 = 0.9 82.58 81.87 80.73 81.38 78.79 76.75 79.61

Settings IEMOCAP (6-way)

0.1 0.2 0.3 0.4 0.5 0.6 0.7

w/o smooth 64.86 62.04 63.31 59.45 57.14 60.40 58.44
𝜆 = 0.1 63.50 62.38 63.28 59.10 57.72 60.11 56.04
𝜆 = 0.2 63.62 62.88 63.69 60.14 57.91 59.99 56.51
𝜆 = 0.5 65.83 64.07 63.08 61.72 59.96 61.32 59.18
𝜆 = 0.9 65.76 63.60 63.93 61.10 58.03 58.92 56.09

Error (MSE) loss and the Kullback–Leibler (KL) divergence loss, as de-
scribed in Section 3.5. Additionally, we assess our model’s performance
against GCNet [28], a previous SOTA model that utilizes the MSE loss.

We assess our model with three reconstruction loss (𝑟𝑐 𝑡) settings:
(1) 1: employing Mean Squared Error (MSE) loss (𝑐 𝑙 𝑠 + 𝑀 𝑆 𝐸); (2)

2: utilizing KL-divergence loss (𝑐 𝑙 𝑠 + 𝐾 𝐿); (3) 3: using only the
classification loss 𝑐 𝑙 𝑠 without any reconstruction loss. Fig. 7 shows the
performance comparison among different loss settings. KL-divergence
demonstrates superior performance compared to the other two loss
settings across both the IEMOCAP (4-way) and IEMOCAP (6-way)
datasets, highlighting Mi-CGA’s effectiveness in optimizing the spec-
ified loss function. This could be because the MSE loss strictly em-
phasizes exact reconstruction, while KL-divergence is more flexible in
regularizing the similarity between value distributions.

We varied the sparse parameter 𝑝 in the KL divergence to assess
its impact on the effectiveness of KL as a reconstruction loss function
in our model. Results from Fig. 8 show that incorporating 𝐾 𝐿 as the
reconstruction loss in Eq. (27) enhances the performance of our model
across all missing cases in both IEMOCAP (4-way) and IEMOCAP (6-
way) datasets compared to models without the reconstruction step.
However, performance differences across different 𝑝 coefficients are
minimal.

6. Conclusion

In conclusion, this paper introduces Mi-CGA, a framework designed
to address challenges caused by incomplete modalities in Multimodal
Emotion Recognition in Conversation (ERC). The core of Mi-CGA is the
Cross-modal Graph Attention Network (CGA-Net), which uses Graph
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Fig. 8. A comparison of the impact of the 𝑝 value in 𝑟𝑐 𝑡. The default setting in
Mi-CGA is 𝑝 = 0.2. The results for different 𝑝 values show minimal variation, but they
consistently outperform the scenario without 𝑟𝑐 𝑡.

Neural Networks (GNNs) and a Cross-modal Attention mechanism to
extract detailed information from conversational graphs. Extensive ex-
periments on benchmark datasets (IEMOCAP, CMU-MOSI, and CMU-
MOSEI) show the model’s effectiveness in improving Multimodal ERC
despite incomplete modalities. A key challenge is the randomly gener-
ated Missing Mask, which makes it impossible to predict specific miss-
ing modalities or positions, only the overall percentage of missing data.
While this simulates real-world data loss, it can negatively affect per-
formance, especially when a modality is almost entirely masked. This
impacts CGA-Net’s ability to integrate information across modalities
(CMA module) and from neighboring nodes (MulGAT module).

Future work can enhance Mi-CGA by: (1) Developing strategies to
generate Missing Masks that balance information loss across modali-
ties, optimizing which modalities and regions to mask; (2) Exploring
hyperparameter optimization algorithms to systematically improve the
model’s robustness and reduce the computational burden, addressing
the current limitations in real-time applications.
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Abstract
Multimodal Emotion Recognition in Conversations (ERC) is a typi-
cal multimodal learning task in exploiting various data modalities
concurrently. Prior studies on effective multimodal ERC encounter
challenges in addressing modality imbalances and optimizing learn-
ing across modalities. Dealing with these problems, we present a
novel framework named Ada2I, which consists of two inseparable
modules namely Adaptive Feature Weighting (AFW) and Adaptive
Modality Weighting (AMW) for feature-level and modality-level
balancing respectively via leveraging both Inter- and Intra-modal
interactions. Additionally, we introduce a refined disparity ratio
as part of our training optimization strategy, a simple yet effective
measure to assess the overall discrepancy of the model’s learning
process when handling multiple modalities simultaneously. Exper-
imental results validate the effectiveness of Ada2I with state-of-
the-art performance compared to baselines on three benchmark
datasets, particularly in addressing modality imbalances.

CCS Concepts
• Information systems→ Sentiment analysis; • Computing
methodologies → Discourse, dialogue and pragmatics.

Keywords
Multimodal Emotion Recognition, Imbalance Modality, Adaptive
Feature Weighting, Adaptive Modality Weighting, Disparity ratio
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Figure 1: (a) Weighted F1 scores for the multimodal set-
ting (T+A+V) compared with each unimodal encoder, and
(b) batch-average unimodal-logit scores.

1 Introduction
Multimodal learning is an approach to building models that can pro-
cess and integrate information from multiple heterogeneous data
modalities [2, 20, 21], including image, text, audio, video, and table.
Since numerous tasks in the real world involve multiple modalities,
multimodal learning has become increasingly important and at-
tractedwidespread attention as an effectiveway to accomplish these
tasks. In recent years, the field of Emotion Recognition in Conver-
sations (ERC) has witnessed a surge in effective models [8, 27, 30].
Moving beyond unimodal recognition, the utilization of multimodal
data offers a multidimensional perspective for more nuanced emo-
tion discernment [9, 19, 24]. Consequently, the incorporation of
multimodal data is a natural evolution for enhancing emotion recog-
nition in conversations. However, the widespread adoption of multi-
modal learning has revealed underlying challenges, with a primary
focus on modality imbalances. These imbalances entail disparities
in the contributions of individual modalities to the final decision-
making process.

As illustrated in Figure. 1, the text modality quickly addresses
the overall model performance and the joint logit scores, whereas
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the visual and audio modalities remain under-optimized through-
out the training process. In addressing modality imbalance, diverse
terminologies have emerged to characterize this phenomenon and
explore its underlying causes. Terms such as “greedy nature” [39],
“modality collapse” [15], and “modality imbalance” [6, 22] have been
employed in various studies. These terms are associatedwith factors
such as the “suppression of dominant modalities” [26], “different
convergence rates” [36], “diminishing modal marginal utility” [37],
or “modality competition” [14]. In essence, two primary perspec-
tives emerge regarding this problem [37]: firstly, modalities exhibit
varying levels of dominance, with models often overly reliant on a
dominant modality with the highest convergence speed, thereby
impeding the full utilization of other modalities with slower conver-
gence speeds. Secondly, modal encoder optimization varies, necessi-
tating the adoption of multiple strategies. Some approaches [7, 26]
attempt to modulate the learning rates of different modalities based
on the fusion modality. However, these approaches often overlook
the impact of intra-modal data enhancement [46]. For instance, right
from the initial representations through the modal encoder, the out-
puts can lead to misleading final results, resulting in its weakened
position across all modalities. Hence, from the outset, it is crucial to
enhance representations for each modality, regardless of whether
they are weak or strong, as it can affect the imbalance in learning
across modalities.

Moreover, current methodologies primarily focus on interactions
between pairs of modalities [6, 22, 26, 40], resulting in complex com-
putations and inadequate treatment across all modalities. These
methods are commonly applied in tasks such as audio-visual learn-
ing [26, 40] and multimodal affective computing [46], often using
datasets related to sarcasm detection, sentiment analysis, or humor
detection. However, there is a lack of methods explicitly tailored
for multimodal ERC tasks, especially for well-known multimodal
datasets like IEMOCAP [3], MELD [28], and CMU-MOSEI [1]. Ad-
ditionally, in recent prominent studies [17, 33], while overall per-
formance for multimodal ERC tasks has notably increased, a closer
examination of the “importance of modality” reveals that pairwise
modalities consistently fail to achieve satisfactory performance, cre-
ating a significant gap compared to leveraging all three modalities
simultaneously. Therefore, it is crucial to simultaneously leverage
learning from all modalities while also significantly enhancing the
capabilities of weaker modalities to improve the overall learning
performance of multimodal ERC models in practical applications.

In this paper, we propose a novel framework named Ada2I that
addresses imbalances in learning across audio, text, and visual
modalities for multimodal ERC. It consists of two primary mod-
ules including Adaptive Feature Weighting (AFW) and Adaptive
Modality Weighting (AMW) for feature-level andmodality-level bal-
ancing respectively in the consideration of Inter- and Intra-modal
interactions. Focusing on feature-level balancing using Adaptive
Feature Weighting (AFW), we apply tensor contraction to infer
feature-aware attention weights for each modality, which aims to
produce a feature-level balanced representation for each conversa-
tion. As an important component of AFW, Attention Mapping Net-
work controls the balancing via maximizing the alignment between
unimodal features and their corresponding attention coefficients.
For modality-level balancing using Adaptive Modality Weighting
(AMW), we further exploit feature-level balanced representations

from the preceding AFW module to generate modality-level bal-
anced ones through modality-wise normalization of features and
learning weights before being used to enhance the emotion recogni-
tion. Additionally, we utilize the concept of disparity ratio, although
with modifications compared to the study by Peng et al. [26], called
OGM-GE, as a value to supervise the training process and evaluate
the model. Specifically, while OGM-GE [26] introduced gradient
modulation for pairs of modalities, we refine it to handle all three
modalities simultaneously—textual, visual, and audio—in the Multi-
modal emotion recognition in conversation task. This adjustment
reduces model complexity and overall processing time, leading to
enhanced efficiency. To summarize, our contributions are as follows:

• We propose an end-to-end framework named Ada2I that
addresses the issue of imbalance learning across modali-
ties comprehensively for the multimodal ERC task. It not
only considers modality-level imbalances but also leverages
feature-level representations to contribute to the balancing
step in the learning process.

• With twomodules intricately designed yet inseparable, Adap-
tive Feature Weighting (AFW) is crafted to enhance the rep-
resentation of each conversation at the feature level, while
Adaptive Modality Weighting (AMW) is proposed to opti-
mize the modality-level learning weights during training.
Additionally, we redefine the disparity ratio, a simple yet
effective measure, to assess the overall discrepancy of the
model’s learning process when simultaneously handlingmul-
tiple modalities, rather than just two as in the original ap-
proach from Peng et al. [26].

• Our empirical experiments illustrate the effectiveness and
enhancements of Ada2I in comparison to existing state-of-
the-art approaches dealing with modality imbalance across
three prevalent multimodal ERC datasets including IEMO-
CAP [3], MELD [28], and CMU-MOSEI [1].

2 Related Work
2.1 Multimodal Emotion Recognition
Multimodal Emotion Recognition (ERC) has emerged as a focal
point within the affective computing community, garnering sig-
nificant attention in recent years. The integration of multimodal
data provides a multidimensional perspective, enabling a more
nuanced understanding of emotions. Moreover, researchers have
increasingly turned to multimodal fusion techniques, combining
text, audio, and visual cues to enhance multimodal ERC perfor-
mance [9, 10, 16, 18, 24, 25]. ICON [9] employs two Gated Recur-
rent Units (GRUs) to capture speaker information, supplemented by
global GRUs to track changes in emotional states throughout con-
versations. Similarly, MMGCN [38] utilizes Graph Convolutional
Networks (GCNs) to capture contextual information, effectively
leveraging multimodal dependencies and speaker information. On
the other hand, Multilogue-Net [31] introduces a solution utilizing
a context-aware RNN and employing pairwise attention as a fu-
sion mechanism. TBJE [4], adopts a transformer-based architecture
with modular co-attention to jointly encode multiple modalities.
Additionally, COGMEN [16] is a multimodal context-based graph
neural network that integrates both local (speaker information) and
global (contextual information) aspects of conversation. Moreover,
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CORECT [24] employs relational temporal Graph Neural Networks
(GNNs) with cross-modality interaction support, effectively captur-
ing conversation-level interactions and utterance-level temporal re-
lations. GraphMFT [18] utilizes multiple enhanced graph attention
networks to capture intra-modal contextual information and inter-
modal complementary information. More recently, DF-ERC [17]
emphasizes both feature disentanglement and fusion while tak-
ing into account both multimodalities and conversational contexts.
Moreover, AdaIGN [33] employs the Gumbel Softmax trick to adap-
tively select nodes and edges, enhancing intra- and cross-modal
interactions.While these methods primarily focus on designing model
structures, they overlook the challenges posed by modality imbalance
during multimodal learning.

2.2 Imbalanced multimodal learning
Despite the suggestion by [13] that integrating multiple modalities
could enhance the accuracy of latent space estimations, thereby im-
proving the efficacy of multimodal models, our investigation within
the multimodal ERC task reveals a phenomenon contradicting this
notion. The problem of modality imbalance persists as a significant
challenge inmultimodal learning frameworks involving low-quality
data [43], particularly in tasks such as multimodal ERC. Conven-
tional methods often prioritize one modality over others, assuming
that certain types of sensory data are more relevant for a given
task. For example, textual cues may receive greater emphasis, while
visual or audio cues alone might be prioritized [16, 24, 38]. Current
methodologies for addressing imbalanced multimodal learning pri-
marily focus on tasks such as audio-visual learning with a focus
on optimizing pairwise modality learning [6, 26, 40], sentiment
analysis, and sarcasm detection [46]. However, these approaches
often have task-specific limitations and framework restrictions,
limiting their broader applicability. For instance, Wang et al. [36]
identified that different modalities overfit and generalize at different
rates, leading to suboptimal solutions when jointly trained using a
unified optimization strategy. Peng et al. [26] proposed OGM-ME
method where the better-performing modality dominates the gra-
dient update, suppressing the learning process of other modalities.
MMCosine [40] employs normalization techniques on features and
weights to promote balanced and improved fine-grained learning
across multiple modalities. Notably, there is a lack of specific ap-
proaches tailored for multimodal ERC apart from the work byWang
et al. [37]. Recently, Wang et al. [37] observed a phenomenon re-
ferred to as “diminishing modal marginal utility” and proposed fine-
grained adaptive gradient modulation, which was applied to ERC,
while I2MCL considers both data difficulty and modality balance
for multimodal learning based on curriculum learning for affective
computing, though not specifically for emotion recognition. To
comprehensively address the challenge of modality imbalance in
multimodal ERC, we propose an end-to-end model that ensures
balance among text, audio, and visual modalities during training.

3 Methodology
3.1 Preliminary
3.1.1 Tensor Ring Decomposition. A tensor of order 𝐾 (𝐾 dimen-
sions) T ∈ R𝑑1×𝑑2×...×𝑑𝐾 can be represented as a sequence of core
tensors of order 3: G𝑗 ∈ R𝑑 𝑗×𝑟 𝑗×𝑟 𝑗+1 , where the last core tensor has

the form G𝐾 ∈ R𝑑𝐾 ×𝑟𝐾 ×𝑟1 . The dimensions 𝑟1, 𝑟2, ..., 𝑟𝑘 are called
tensor ranks. In that case, T is represented in the form of a tensor
ring 𝑇𝑟 {G1,G2, ...,G𝑘 } as follows: T = G1 ×2

3 G2 ×2
4 ... ×

2
𝑘+2 G𝑘 . In

which ×𝑚𝑛 denotes the tensor contraction operation with mode-
(𝑚𝑛 ). For example, with G1 ∈ R𝑑1×𝑟1×𝑟2 , G2 ∈ R𝑑2×𝑟2×𝑟3 and
G3 ∈ R𝑑3×𝑟3×𝑟1 , T is represented as G1 ×2

3 G2 ×2
4 G3 ∈ R𝑑1×𝑑2×𝑑3 .

3.1.2 Problem Definition. In the context of a conversation 𝐶 with
𝑁 utterances {𝑢1, 𝑢2, . . . , 𝑢𝑁 }, the task of Emotion Recognition
in Conversations (ERC) is to predict the emotion label for each
utterance in the conversation from a predefined emotion category
set E. Each utterance is associated with 𝑀 modalities, i.e. textual
(t), audio (a), and visual (v) modalities, represented as:

𝑢𝑖 = {𝑢𝑡𝑖 , 𝑢
𝑎
𝑖 , 𝑢

𝑣
𝑖 }, 𝑖 ∈ {1, . . . , 𝑁 } (1)

where 𝑢𝑖 ∈ R𝑀×𝑑 , 𝑑 signifies the dimension of modal features. For
each modality𝑚, we derive multimodal features {X𝑚}𝑚∈{𝑡,𝑎,𝑣} ∈
R𝑑𝑚×𝑁 for the conversation 𝐶 . Here, {𝑑𝑚}𝑚∈{𝑡,𝑎,𝑣} is the feature
dimension of each modality.

In the following sub-section, we outline our proposed model
Ada2I, including its main sub-modules: (1) Modality Encoder, (2)
Adaptive Feature Weighting and (3) Adaptive Modality Weighting.
We also refine the disparity ratio metric as part of our Training
Optimization Strategy. Figure 2 illustrates architecture of Ada2I.

3.2 Modality Encoder
Given a conversation𝐶 , a Transformer [34] network is utilized as
the encoder to generate a unimodal representation Z𝑚 ∈ R𝑁×𝑑𝑚

respecting to the modality𝑚 as:

Z𝑚 = 𝜙 (𝜃 (𝑚) ,X𝑚),𝑚 ∈ {𝑡, 𝑎, 𝑣} (2)

where the function 𝜙 (𝜃 (𝑚) ) is the Transformer network with learn-
able parameter 𝜃 (𝑚) .

3.3 Adaptive Feature Weighting (AFW)
3.3.1 Tensor-based Multimodal Interaction Representation. Moti-
vated by the tensor-ring decomposition method introduced by [44],
we extend the traditional attention mechanism by replacing the
query (Q) and key (K) representationswith tensor-ring decomposition-
based counterparts. This modification results in query tensor-ring
representation G𝑄 and key tensor-ring representation G𝐾 , which
facilitate the acquisition of more compact modality representa-
tions. Additionally, inspired by [32], we integrate a tensor-based
multi-way interaction transformer architecture into our model.
This enhancement allows the model to capture multi-way interac-
tions among modalities, thereby enhancing its capability to discern
intricate multimodal relationships.

We employ a tensor-ring-based generation function to retrieve
the multi-interaction multimodal query tensor Q and key tensorK
from the input modality presentations Z𝑚 . Specifically, we compute
Q and K as follows:{

Q = Tr{G (𝑡 )
𝑄
,G (𝑎)
𝑄

,G (𝑣)
𝑄

} ∈ R𝑑𝑡×𝑑𝑎×𝑑𝑣

K = Tr{G (𝑡 )
𝐾
,G (𝑎)
𝐾

,G (𝑣)
𝐾

} ∈ R𝑑𝑡×𝑑𝑎×𝑑𝑣
(3)
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Figure 2: Illustration of Ada2I framework

Here,Tr{.} represents the tensor-ring decomposition function, which
naturally provides the low-rank core tensor representations G𝑚

𝑄

and G𝑚
𝐾

for each modality.
To perform multimodal attention in the tensor space, we need

to compute the attention coefficient matrix, Θ, from the tensorized
input. To achive this, we can first compute the Tensor-ring Key
representation and Tensor-ring Query representation of input data,
G𝑚
𝑄

∈ R𝑑𝑚×𝑟𝑠×𝑟𝑤 and G𝑚
𝐾

∈ R𝑑𝑚×𝑟𝑠×𝑟𝑤 , where𝑚 ∈ {𝑡, 𝑎, 𝑣}, the
index 𝑠,𝑤 ∈ {1, 2, 3}, and 𝑠 ≠ 𝑤 . The attention coefficient matrix Θ
of modality𝑚 is formulated as follows:

Θ𝑚 = softmax

(
1√︁
𝑑𝑘

G𝑚𝑄 ⊙ G𝑚𝐾

)
(4)

where ⊙ denotes the element-wise product,
√︁
𝑑𝑘 is a scaling factor.

More specifically, the modality𝑚 core tensor G𝐾 and G𝑄 are
computed using a Linear Transform (Figure 3 ), as expressed below:{

G𝑚
𝑄

= 𝑟𝑒𝑠ℎ𝑎𝑝𝑒
(
(Z𝑚𝑊 (1)

𝑄𝑚
) ⊗1 (Z𝑚𝑊 (2)

𝑄𝑚
)
)

G𝑚
𝐾

= 𝑟𝑒𝑠ℎ𝑎𝑝𝑒
(
(Z𝑚𝑊 (1)

𝐾𝑚
) ⊗1 (Z𝑚𝑊 (2)

𝐾𝑚
)
) (5)

where 𝑚 ∈ {𝑡, 𝑎, 𝑣}, 𝑊 (1)
𝑄𝑚

∈ R𝑑𝑚×𝑟𝑠 ,𝑊 (2)
𝑄𝑚

∈ R𝑑𝑚×𝑟𝑤 , 𝑊 (1)
𝐾𝑚

∈

R𝑑𝑚×𝑟𝑠 ,𝑊 (2)
𝐾𝑚

∈ R𝑑𝑚×𝑟𝑤 are the linear transformation matrix; ⊗1
denotes the mode-1 Khatri-Rao product.

3.3.2 Adaptive Feature Weighting (AFW). This module addresses
the varying impact of each modality on inter-modality and intra-
modality interactions using attention mechanism. First, we calcu-
late the attention pooling matrices A(𝑚) ∈ R𝑟𝑠×𝑟𝑤 by averaging
Θ(𝑚) across the modality dimension 𝑑𝑚 ,𝑚 ∈ {𝑡, 𝑎, 𝑣}. Inspired by
MMT [32], the feature-aware attention matrix 𝐴𝑡𝑡𝑚 ∈ R𝑁×𝑑𝑚 for
a given modality𝑚 is computed as follows:

𝐴𝑡𝑡𝑚 = Linear
(
Θ𝑚 ×1

3 A
(𝑡 ) ×1

3 A
(𝑎) ×1

3 A
(𝑣)

)
(6)

where ×1
3 is the𝑚𝑜𝑑𝑒 − (13) tensor contraction. The feature-aware

balanced representation Z𝑓 −𝑎𝑑𝑎𝑝𝑡𝑚 ∈ R𝑁×𝑑𝑚 of the conversation C
for a given modality m is computed as:

Z𝑓 −𝑎𝑑𝑎𝑝𝑡𝑚 = 𝐴𝑡𝑡𝑚Z𝑚 + 𝛽Z𝑚 (7)
where 𝛽 ∈ [0, 1] is a balancing parameter to regulate the contribu-
tion of the original unimodal feature vector Z𝑚 .

3.4 Adaptive Modality Weighting (AMW)
Our key focus is to achieve balanced contributions from eachmodal-
ity during the training. Similar to [40], we observe the imbalance
problem in multimodal ERC through experiments analyzing the
modality-wise weight in norm of each label during training. Appar-
ently, the dominant unimodal encoder, e.g., text, tends to have its
weight in norm increase much faster than the weaker modalities,
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𝑍𝑚
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Linear

reshape
𝒢(𝑚)

Figure 3: Linear Transform block to compute core tensor.

i.e., audio and visual, leading to divergent unimodal logit scores
and distorting the joint fusion representation. Inspired by [35, 45],
we propose to incorporate modality-wise L2 normalization to prop-
erly weight features, mitigating imbalances arising from differing
data distributions and noise levels across modalities. This dynamic
adjustment prevents any single modality from dominating the fu-
sion process, thus enhancing overall performance. Therefore, the
modality-level balanced representation Z𝑚−𝑎𝑑𝑎𝑝𝑡 of the given con-
versation is calculated as follows:

Z𝑚−𝑎𝑑𝑎𝑝𝑡 =
{𝑡,𝑎,𝑣}∑︁
𝑚

𝑊𝑚Z𝑓 −𝑎𝑑𝑎𝑝𝑡𝑚

∥𝑊𝑚 ∥∥Z𝑓 −𝑎𝑑𝑎𝑝𝑡𝑚 ∥
+ 𝑏 (8)

where𝑊𝑚 ∈ R𝑑𝑚×|E | symbolizes the output matrix of the model
pertaining to modality𝑚, and E is the set of emotion classes.

For emotion recognition, we feedZ𝑚−𝑎𝑑𝑎𝑝𝑡 , into the mulilayer
preceptron (MLP) with ReLU activation function to compute the
output 𝑦𝑖 ∈ R𝑁×|E | .

𝑦𝑖 = MLP(Z𝑚−𝑎𝑑𝑎𝑝𝑡 ) (9)

The output 𝑦𝑖 is utilized to predict emotion labels.

3.5 Learning
First, we investigate the standard cross-entropy loss for this down-
stream task, i.e., mutilmodal ERC as:

L𝑐𝑙𝑠 = − 1
𝐵

𝐵∑︁
𝑖

𝑦𝑖𝑙𝑜𝑔𝑦𝑖 (10)

where 𝐵 is the batch size.
Second, in order to align between the original unimodal repre-

sentation of modality𝑚 and its respective feature-aware attention
weights as Eq (6), we employ Attention Mapping Network as fol-
lows:

𝐴𝑡𝑡𝑚 = Φ𝑚 (Z𝑚,𝜓 (𝑚) ),𝑚 ∈ {𝑡, 𝑎, 𝑣} (11)
where Φ𝑚 (·) is a feed-forward neural network with the parameter
𝜓 (𝑚) ,𝐴𝑡𝑡𝑚 ∈ R𝑁×𝑑𝑚 is the feature-aware self-attention weights of
the modality𝑚. To enhance feature-level balance across all modali-
ties, we introduce a L1-norm loss L𝑓 𝑒𝑎𝑡𝑢𝑟𝑒 as:

L𝑓 𝑒𝑎𝑡𝑢𝑟𝑒 =
1
𝐵

𝐵∑︁
𝑖

©­«
{𝑡,𝑎,𝑣}∑︁
𝑚

|𝐴𝑡𝑡𝑖𝑚 −𝐴𝑡𝑡𝑖𝑚 |ª®¬ (12)

Additionally, we also consider the modality-level balance loss
L𝑚𝑜𝑑𝑎𝑙 , which is computed as:

L𝑚𝑜𝑑𝑎𝑙 = − 1
𝐵

𝐵∑︁
𝑖

log
𝑒Z

𝑚−𝑎𝑑𝑎𝑝𝑡
𝑖∑ | E |

𝑗=1 𝑒
Z𝑚−𝑎𝑑𝑎𝑝𝑡
𝑗

(13)

where Z𝑚−𝑎𝑑𝑎𝑝𝑡
𝑗

represents the output of the 𝑗-th class for the 𝑖-th
sample. Finally, we combine the all loss functions into a joint objec-
tive function, which is used to optimize all trainable parameters in
an end-to-end manner:

L𝑚𝑎𝑖𝑛 = L𝑚𝑜𝑑𝑎𝑙 + L𝑓 𝑒𝑎𝑡𝑢𝑟𝑒 + L𝑐𝑙𝑠 (14)

Recent studies have brought attention to the challenge of han-
dling imbalanced optimization in joint learning models, particularly
when dealingwithmultiplemodalities. Peng et al. [26] introduce the
OGM-GE method to address optimization imbalances encountered
during the simultaneous training of dual-modal systems, i.e., visual
and audio. However, directly applying the OGM-GE method to our
framework is not practical as it only deals with two modalities. In
contrast, our framework caters to more than two modalities across
different domains, specifically tailored for the multimodal ERC task.
Therefore, leanrable parameter of encoder layer is optimized during
training process as the following strategy:

𝜃
(𝑚)
𝑡+1 = 𝜃

(𝑚)
𝑡 − 𝜂.𝑔(𝜃 (𝑚)

𝑡 ) (15)

where 𝑔(𝜃𝑚𝑡) = 1
𝑜

∑
𝑥 ∈ 𝐵𝑡∇𝜃𝑚𝑡 𝓁(𝑥, 𝜃 (𝑖 )𝑡 ) represents an unbiased

estimation of the full gradient ∇𝜃𝑚𝑡 𝓁(𝑥, 𝜃 (𝑖 )𝑡 ) using a random mini-
batch 𝐵𝑡 chosen at the 𝑡-th step with size 𝑜 . The term ∇𝜃𝑚𝑡 𝓁(𝑥, 𝜃 (𝑖 )𝑡 )
denotes the gradient with respect to 𝐵𝑡 .

We adjust the balance of modalities through gradient parameter
adjustments. For each output at step 𝑡 , we compute the discrepancy
ratio for each modality using the softmax of the cosine similarity
between the output weights and the corresponding feature vectors:

𝑠𝑚𝑡 =

𝐿∑︁
𝑗=1

E∑︁
𝑘=1

I𝑘=𝑦 𝑗 softmax(𝑐𝑜𝑠 ⟨𝑊𝑚
𝑘
,Z𝑚
𝑘
⟩ + 𝑏𝑘

𝑀
) 𝑗𝑘 (16)

where I𝑘=𝑦 𝑗 equals 1 if 𝑘 = 𝑦 𝑗 and 0 otherwise, and softmax(.)
estimates the unimodal performance of the multimodal model, 𝑀
denotes the count of modalities. Specifically, for the multimodal
ERC task under consideration, we delineate three modalities: text
(𝑡 ), audio (𝑎), and visual (𝑣). The discrepancy ratio is calculated as:

𝜌𝑚𝑡 =
𝑠𝑚𝑡

min𝑚∈{𝑡,𝑎,𝑣} (𝑠
𝑗
𝑡 )

(17)

The learnable parameters are updated according to:

𝜃
(𝑚)
𝑡+1 = 𝜃

(𝑚)
𝑡 − 𝜂.𝑔(𝜃 (𝑚)

𝑡 ).𝑘𝑚𝑡 (18)

where the modulation coefficient 𝑘𝑚𝑡 is determined by 1 − tanh(𝛼 ·
𝜌𝑚𝑡 ) if 𝜌𝑚𝑡 > 1, and 1 otherwise. Here, 𝛼 is a hyperparameter
controlling the degree of modulation. Additionally, to enhance
the adaptability of the modulation process, Gaussian noise ℎ(𝜃 (𝑖 )𝑡 )
sampled from a distribution N(0,∑𝑠𝑔𝑑 (𝜃 (𝑖 )𝑡 )) is introduced after
parameter updates:

𝜃
(𝑖 )
𝑡+1 = 𝜃

(𝑖 )
𝑡 − 𝜂 · 𝑔(𝜃 (𝑖 )𝑡 ) · 𝑘𝑖𝑡 + 𝜂 · ℎ(𝜃

(𝑖 )
𝑡 ) (19)

Training Optimization Strategy The training process of Ada2I
is illustrated in Algorithm 1.
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Algorithm 1 Ada2I Training Procedure

Input: The training set D = { (𝑥𝑡
𝑖
, 𝑥𝑎
𝑖
, 𝑥𝑣
𝑖
), 𝑦𝑖 }𝑁𝑖=1,𝑚 ∈ {𝑡, 𝑎, 𝑣}

Output: Prediction emotion label 𝑦̂
for each training epoch do

for minibatch B = { (𝑥𝑡
𝑖
, 𝑥𝑎
𝑖
, 𝑥𝑣
𝑖
), 𝑦𝑖 }𝑁𝑖=1} sampled from D do

#Refer to Subsection 3.2
Encode unimodal feature X𝑚 to Z𝑚 as Eq (2)
#Refer to Subsection 3.3
Multimodal feature representation as Eq (3)
Calculate coefficient matrix Θ𝑚 as Eq (4)
Calculate modality-aware attention 𝐴𝑡𝑡𝑚 as Eq (6)
Compute fused feature Z𝑓 −𝑎𝑑𝑎𝑝𝑡𝑚 with 𝛽 using Eq (7)
#Refer to Subsection 3.4
Compute logit output Z𝑚−𝑎𝑑𝑎𝑝𝑡 with modality-wise L2 normal-

ization as Eq (8)
Produce prediction of multimodal data 𝑦̂𝑖 as Eq (9)
#Refer to Subsection 3.5
Use cross-entropy loss to calculate L𝑐𝑙𝑠 as Eq (10)
Use 𝐿1 to calculate L𝑓 𝑒𝑎𝑡𝑢𝑟𝑒 as Eq (12)
Use cross-entropy to calculate L𝑚𝑜𝑑𝑎𝑙 as Eq (13)
Add L𝑓 𝑒𝑎𝑡𝑢𝑟𝑒 , L𝑚𝑜𝑑𝑎𝑙 and L𝑐𝑙𝑠 to compute L𝑚𝑎𝑖𝑛 as Eq (14)

Compute discrepancy ratio 𝜌𝑚𝑡 =
𝑠𝑚𝑡

min𝑚∈{𝑡,𝑎,𝑣} (𝑠
𝑗
𝑡 )

Compute modulation coefficient 𝑘𝑚𝑡
Update using 𝜃 (𝑖 )

𝑡+1 = 𝜃
(𝑖 )
𝑡 − 𝜂 · 𝑔 (𝜃 (𝑖 )

𝑡 ) · 𝑘𝑖𝑡 + 𝜂 · ℎ (𝜃 (𝑖 )
𝑡 )

end for
end for

3.6 Datasets
Datasets: We consider three benchmark datasets for multimodal

ERC namely: IEMOCAP [3], MELD [28], and CMU-MOSEI [1]. The
dataset statistics are illustrated in Table 1.

Table 1: Data Statistics

Datasets Dialogues Utterances

train valid test train valid test
IEMOCAP 120 31 5,810 1,623
MELD 1,039 114 280 9,989 1,109 2,610

CMU-MOSEI 2,248 300 676 16,326 1,871 4,659

IEMOCAP. This dataset comprises 12 hours of video recordings
of dyadic conversations involving 10 speakers. It includes 151 dia-
logues, segmented into 7,433 utterances, each annotated with one of
six emotion labels: happy, sad, neutral, angry, excited, or frustrated.

MELD. This dataset is based on the TV series Friends, includes
13,709 video clips featuring multi-party conversations, each labeled
with one of Ekman’s six universal emotions: joy, sadness, fear, anger,
surprise, and disgust.

CMU-MOSEI:. This dataset is a prominent resource for sentiment
and emotion analysis, comprises 3,228 YouTube videos divided
into 23,453 segments, featuring contributions from 1,000 speakers
covering 250 topics. It includes six emotion categories: happy, sad,
angry, scared, disgusted, and surprised, with sentiment intensity
ranging from -3 to 3.

Table 2: Hyper-parameter settings

Parameter/Module IEMOCAP MELD CMU-MOSEI
Text Feature Extraction sBERT1
Audio Feature Extraction Wave2vec-Large [29], OpenSmile [5]
Visual Feature Extraction MTCNN [42], MA-Net2, DenseNet [12]
Text embedding dim. 𝑑𝑡 768 768 768
Audio embedding dim. 𝑑𝑎 512 300 512
Visual embedding dim. 𝑑𝑣 1024 342 1024

hidden dim 300 200 500
tensor rank 11 6 10

𝜂 0.037 0.4 0.4
𝛽 0.01 0.55 0.2

learning rate 1.7e-4 1.2e-4 1.9e-4
batch size 10 10 32
epoch 50 50 30

4 Experimential Setup
4.1 Baselines and Evaluation Metrics

Baselines: Ada2I is compared against several state-of-the-art
(SOTA) baseline approaches for evaluating performance in multi-
modal ERC, particularly addressing modality imbalance problems.
For the IEMOCAP and MELD datasets, we consider baseline models
such as DialogueRNN [23], DialogueGCN [8], MMGCN [38], BiD-
DIN [41], and MM-DFN [11]. We report the best results obtained
from [37], which enhanced these models to address modality imbal-
ance. Additionally, we consider other SOTA models for multimodal
ERC that do not explicitly address modality imbalance, including
COGMEN [16], CORECT [24], GraphMFT [18], DF-ERC [17], and
AdaIGN [33].

For the CMU-MOSEI dataset, we evaluated various baseline mod-
els for sentiment classification tasks, which include both 2-class sen-
timent, featuring only positive and negative sentiment, and 7-class
sentiment, ranging from highly negative (-3) to highly positive (+3).
These baseline models include Multilouge-Net [31], TBJE [4], COG-
MEN [16], CORECT [24], OGM-GE [26], and I2MCL [46]. Notably,
OGM-GE and I2MCL specifically address the issue of imbalanced
modalities in multimodal ERC, whereas the others do not.

Evaluation Metrics: Similar to prior studies [23, 37, 38], we eval-
uate the effectiveness of emotion recognition using Accuracy (Acc)
and Weighted F1 Score (W-F1) as our primary evalucation metrics.

4.2 Experimental Settings
We derive multimodal features for each utterance from acoustic,
lexical, and visual modalities using a combination of models and
pre-trained models, as outlined in Table 2.

We employ PyTorch3 for training our architecture and Comet4
for logging all experiments, leveraging its Bayesian optimizer for
hyperparameter tuning. Additional parameters can be found in
Table 2.

1https://www.sbert.net/
2https://github.com/zengqunzhao/MA-Net
3https://pytorch.org/
4https://comet.ml
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Table 3: Comparison of results in the multimodal setting of Ada2I with the modality-balanced baseline model enhanced by
FAGM [37] (denoted by †). The best performance is indicated in bold, and the second-best performance is underlined.

Methods
IEMOCAP MELD

T+A+V T+A T+V A+V T+A+V T+A T+V A+V

W-F1 Acc W-F1 Acc W-F1 Acc W-F1 Acc W-F1 Acc W-F1 Acc W-F1 Acc W-F1 Acc
DialogueRNN† 61.31 61.61 61.90 61.98 60.19 59.95 48.31 50.71 56.42 58.05 56.46 58.01 55.67 57.39 40.46 45.39
DialogueGCN† 62.76 63.22 64.36 64.39 61.25 62.23 49.20 49.85 54.61 58.96 54.80 57.28 55.26 57.10 10.02 44.44

BiDDIN† 58.81 58.84 58.88 58.16 59.04 58.96 46.36 46.77 57.47 59.18 56.56 58.05 56.93 58.10 44.39 48.62
MM-DFN† 64.92 64.57 63.91 64.20 61.02 60.60 54.48 55.03 55.75 60.8 57.10 60.00 57.73 60.65 42.05 48.66
MMGCN† 64.53 64.51 63.25 63.40 61.02 61.06 54.14 54.90 58.48 61.15 57.59 60.69 57.14 59.46 43.49 48.43

Ada2I (Ours) 68.97 68.76 66.91 67.28 65.48 65.43 55.16 55.64 60.38 63.03 60.08 62.64 58.62 61.95 55.16 55.64
Δ(%) ↑4.05 ↑4.19 ↑2.55 ↑2.89 ↑4.23 ↑3.20 ↑0.68 ↑0.61 ↑1.90 ↑1.88 ↑2.49 ↑1.95 ↑0.89 ↑1.30 ↑10.77 ↑6.98

5 Results and Discussion
5.1 Performance Comparison against Baselines
IEMOCAP and MELD dataset: As depicted in Table 3, our model
Ada2I performs better than the previous SOTA baselines in the con-
text of balanced modality consideration on all modality combina-
tions on both datasets. Indeed, in the AVmodality pair on the MELD
dataset, traditionally deemed the weakest, we observe a substan-
tial performance boost in Multimodal ERC. Specifically, there is a
noteworthy enhancement of 10.77% onWF1 and 6.98% on Accuracy
compared to the previous SOTA model. This progress effectively
reduces the performance discrepancy compared to modality pairs
where text plays a dominant role.

We also compare Ada2I with SOTA baseline models for multi-
modal ERC, particularly those focusing solely on multimodal fusion
and architectural design without addressing modality imbalance.
Figure 4b demonstrates that our proposed Ada2I significantly re-
duces the performance gap in WF1 between learning from all three
modalities simultaneously (T+A+V) and pair-wise modality com-
binations on the MELD dataset. Most notably, with the weaker
modality pair (audio+visual) consistently lagging behind in per-
formance compared to the full modality combination (i.e., with
AdaIGN, this gap is 23.12%), Ada2I boosts the model and short-
ens the gap to only 5.22%. Similarly, with the text+audio (T+A)
and text+visual (T+V) pairs, this gap is also substantially reduced,
indicating that the model has learned in a more balanced man-
ner, leveraging additional useful information from non-dominant
modalities. The significant improvement is similarly observed on
the IEMOCAP dataset in Figure 4a.

CMU-MOSEI dataset: Table 4 shows that Ada2I outperforms all
baseline models. Specifically, when compared to OGM-GE and
I2MCL, two models proposed for addressing modality imbalance
during training, Ada2I demonstrates superior performance across
all modality combinations. When compared to other baseline mod-
els that do not consider modality balancing, Ada2I also demon-
strates significant balancing capabilities, reducing the performance
gap between modality pairs. For instance, in the CORECT model,
the gap between T+A+V and A+V is 15.09% for 2-class sentiment,
and this figure increases to 21.76% for 7-class sentiment. However,
with Ada2I, these gaps are significantly reduced to 10.32% and
13.07%, respectively, underscoring the effectiveness of Ada2I in
addressing modality imbalances.
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Figure 4: Performance gap visualizations between the multi-
modal setting (T+A+V) and pair-wise modality combinations
are evaluated using the W-F1 metric across the IEMOCAP
and MELD datasets.

5.2 Ablation Study
5.2.1 Balancing Interpretation. We conduct ablation studies with
the two main modules of the model, AMW and AFW, to assess their
impact on the Ada2I model. Additionally, through the Discrepancy
Ratio, we interpret the model’s balancing by observing its changes.
A smaller Discrepancy Ratio indicates a more balanced optimization
process. Figure 5 shows that the discrepancy ratios 𝜌𝑡 , 𝜌𝑣 , and 𝜌𝑎
significantly decrease when both AMW and AFW are combined
within Ada2I, with all ratios approaching approximately 1 on the
IEMOCAP dataset. In contrast, when one of the modules is ablated,
the ratios for audio (𝜌𝑎) and visual (𝜌𝑣 ) are approximately 1.5,
while for text, it increases to around 3. Similarly, on the MELD
dataset, our proposed model Ada2I has reduced this discrepancy
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Table 4: Results on the CMU-MOSEI dataset with accuracy
(Acc.) as the metric. The best performance is in bold. Cells
with “-” indicate missing results, and † denotes results repro-
duced from the code provided in the original paper.

Methods 2-class 7-class

T+A+V T+A T+V A+V T+A+V +TA T+V A+V

Multilouge-Net [31] 82.10 80.18 80.06 75.16 44.83 - - -
TBJE [4] 81.50 82.40 - - 44.40 45.50 - -

COGMEN† [16] 82.95 85.00 82.99 65.95 43.90 44.31 42.68 24.27
CORECT† [24] 83.98 84.28 82.83 68.89 46.31 44.89 43.76 24.55

I2MCL [46] 81.05 - - - - - - -
OGM-GE† [26] 84.58 84.03 83.67 71.53 45.43 43.68 44.44 31.53

Ada2I (Ours) 85.25 85.08 85.21 74.93 47.71 47.35 47.37 34.64
Δ(%) ↑0.67 ↑0.08 ↑1.54 ↓0.23 ↑2.28 ↑1.85 ↑2.93 ↑3.11
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Figure 5: The change of the discrepancy ratio 𝜌𝑡 , 𝜌𝑎, 𝜌𝑣 on the
IEMOCAP and MELD datasets during training, along with
various ablation tests including without AMW and without
AFW, are compared to the Ada2I model.

ratio of text from over 4 (w/o AFW) to approximately half, reaching
around 2, while for audio and visual, it brings them close to the 1
mark. In summary, the combined design of both modules AMW and
AFW enhances balanced learning across modalities during training,
highlighting the significance and inseparability of feature-level and
modality-level balancing.

5.2.2 Effect of Weight Normalization. As mentioned earlier, the
unimodal weights also directly influence the encoder updating
process. The imbalanced weight components induce gradients and
subsequently lead to the inconsistent convergence of unimodalities.
Here, we provide a clearer visualization of these unimodal weights
before imbalance processing (Only Encoder) and in the Ada2I model
in Figure 6 for the IEMOCAP dataset. It is evident that with Only
Encoder, the text encoder (dominant modality) weight in norm
grows much faster than audio and visual. After balancing, our
model exhibits a more balanced optimization process.

5.2.3 Effect ofModule. Table 5 provides an ablation on themodules.
AFW and AMW are two closely linked and crucial modules in
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Figure 6: Modality-wise weights of each label normalized for
the IEMOCAP dataset

Ada2I, ensuring model stability. Furthermore, Ada2I with training
optimization balances the training across three modalities (text,
audio, visual), preventing the text modality from dominating the
others.

Table 5: Ablation studies of Ada2I on AFW, AMW, and train-
ing strategy. The symbol ↓ denotes the reduction in perfor-
mance of the variants compared to Ada2I.

Modules IEMOCAP MELD
W-F1 Acc W-F1 Acc

w/o AFW 66.24(↓2.73) 65.99(↓2.77) 59.65(↓0.73) 62.45(↓0.58)
w/o AMW 66.11(↓2.86) 65.87(↓2.89) 58.87(↓1.51) 61.13(↓1.90)

w/o traning optimization 67.95(↓1.02) 68.08(↓0.68) 58.13(↓2.25) 59.92(↓3.11)
Ada2I (Ours) 68.97 68.76 60.38 63.03

6 Conclusion
In this work, we present Ada2I, a framework designed to address
modality imbalances and optimize learning in multimodal ERC. We
identify and analyze existing issues in current ERC models that
overlook the imbalance problem. From there, we propose a solution
comprising integral modules: Adaptive Feature Weighting (AFW)
and Adaptive Modality Weighting (AMW). The former enhances
intra-modal representations for feature-level balancing, while the
latter optimizes inter-modal learning weights with the balancing
at modality level. Furthermore, we introduce a refined disparity
ratio to optimize training, offering a straightforward yet effective
measure to evaluate the model’s overall discrepancy when handling
multiple modalities simultaneously. Extensive experiments on the
IEMOCAP, MELD, and CMU-MOSEI datasets validate its effective-
ness, showcasing SOTA performance. In the future, we anticipate
enhancing the efficiency of the framework and maximizing the
utilization of emotional cues.
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Abstract
Multimodal Emotion Recognition in Conversations (MERC) is a crucial task for understanding human inter-
actions, where multimodal approaches integrating language, facial expressions, and vocal tone have led to 
significant advancements. However, a persistent challenge in multimodal architectures, including MERC, is 
modality misalignment and imbalanced learning. These issues often hinder models from effectively utilizing 
multimodal information, leading to suboptimal performance despite the availability of multiple modalities. 
To address this, we design a framework for MERC with a proposed plug-and-play module that builds upon 
Self-Paced Curriculum Learning (SPCL). As in Curriculum Learning (CL), an effective Difficulty Measurer 
is essential for structuring a meaningful Learning Scheduler. In this work, we propose a dual-level Difficulty 
Measurer tailored for MERC, addressing both intra- and inter-conversational dynamics. Unlike conventional 
approaches that assess difficulty only at the utterance level, our dual-level design incorporates a conversation-
level difficulty score. The utterance-level score captures fine-grained modality-specific challenges, while the 
conversation-level score models broader dialogue structures, including emotional dependencies and modality 
coherence within the conversation. This holistic evaluation enables our Learning Scheduler to dynamically 
guide training from easier to more challenging instances. By integrating SPCL into existing MERC architec-
tures, our method effectively mitigates modality imbalance and enhances model robustness. Extensive experi-
ments on the IEMOCAP and MELD datasets confirm consistent improvements: on IEMOCAP, SPCL achieves 
gains ranging from approximately +1.2% to +6.6% in weighted F1-score over baseline models across different 
architectures and modality settings, while on MELD, it delivers even more pronounced improvements, with 
gains reaching up to +10.4% over baseline models. These gains underscore the practical value of SPCL for 
real-world MERC applications, as it substantially improves emotion recognition accuracy while maintaining 
compatibility as a plug-and-play module across diverse model architectures.
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1  Introduction

Multimodal learning has gained significant attention in artificial intelligence due to its ability to integrate infor-
mation from diverse sources, such as text (T), audio (A), and visual (V) data [1, 2]. By leveraging complementary 
modalities, multimodal models enhance understanding and improve predictive performance [3, 4]. Among its 
diverse applications, Emotion Recognition in Conversations (ERC) has emerged as a critical task spanning artifi-
cial intelligence, cognitive science, and social sciences. The primary objective of ERC is to detect the emotional 
undertones accompanying each utterance in a conversation. While language plays a crucial role, emotions are 
often conveyed through a combination of verbal and non-verbal cues, such as facial expressions, tonal variations, 
and bodily gestures [5]. Given the inherently multimodal nature of human communication, integrating multi-
modal data into ERC has naturally evolved into Multimodal Emotion Recognition in Conversations (MERC). 
By jointly modeling text, audio, and visual modalities, MERC seeks to enhance emotion recognition beyond the 
constraints of unimodal approaches [6–8].

However, the effectiveness of multimodal integration is often limited by modality imbalance, where certain 
modalities contribute disproportionately to learning, leading to suboptimal model performance. Prior research 
has examined this phenomenon from various perspectives, describing it as the dominance of specific modalities 
[9], discrepancies in convergence rates [10, 11], or diminishing marginal utility of modalities [12]. Zhang et al. 
[13] categorize these challenges into Property Discrepancy and Quality Discrepancy. Property Discrepancy arises 
because different modalities exhibit distinct learning behaviors due to their heterogeneous nature. For instance, 
audio features often require fewer training iterations before overfitting, whereas visual features typically con-
verge more slowly. This inconsistency complicates optimization, making it difficult to balance learning across 
modalities. Quality Discrepancy refers to the uneven distribution of task-relevant information among modalities. 
While all modalities aim to represent the same underlying context, some provide stronger discriminative signals 
than others. Multimodal models, inherently greedy in their learning dynamics, tend to prioritize the most infor-
mative modality while underutilizing weaker ones, further exacerbating modality imbalance.

In MERC, text is often the dominant modality, providing explicit emotional cues, whereas audio and visual 
features are more subtle and context-dependent. Consequently, models may become overly reliant on textual 
data, failing to fully integrate information from other modalities. This imbalance ultimately leads to suboptimal 
fusion strategies and reduced overall performance. As shown in Fig. 1, we conducted an experiment compar-
ing the performance of tri-modal models (ATV) with their bi-modal versions (TA and AV). While there were 
instances where the tri-modal approach outperformed its bi-modal counterparts, the results were inconsistent. 
In half of the cases, incorporating all three modalities led to a performance reduction, with accuracy dropping 
between 0.05% and 1.18%, and w-F1 dropping between 0.11% and 1.18%. These findings highlight the need to 
further investigate modality imbalance, a crucial factor affecting MER performance. To address modality imbal-
ance in MERC, previous studies have explored several strategies, including pre-trained unimodal networks [14, 
15], auxiliary learning objectives [16, 17], and optimization-based techniques [9, 18, 19]. Pre-trained unimodal 

Fig. 1  Performance gain of training baseline models on full 
modality (ATV) over training on bi-modality (AT or TV). 
Evaluation uses W-F1 and Acc metrics across IEMOCAP 
dataset
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networks leverage separately trained feature extractors for each modality before integrating them into a multi-
modal framework, improving individual modality representations but often incurring high computational costs 
and requiring large-scale labeled data [20, 21]. Auxiliary learning objectives introduce additional constraints 
or tasks, such as contrastive or self-supervised learning, to enhance modality-specific representations [17, 22], 
yet they may struggle to generalize across diverse conversational contexts. Optimization-based methods, which 
directly adjust gradient updates to prevent modality dominance, have shown promise in balancing multimodal 
contributions [9, 12, 23, 24], but their reliance on complex gradient manipulation makes them difficult to imple-
ment and tune.

Building upon these persistent challenges, we propose a novel approach based on Self-Paced Curriculum 
Learning to address modality imbalance in MERC. As an extension of Curriculum Learning, Self-Paced Cur-
riculum Learning enhances this process by dynamically selecting training samples based on the model’s learn-
ing progress, ensuring a more adaptive and balanced training trajectory. Specifically, we introduce a framework 
specifically designed for MERC, incorporating our proposed SPCL module to tackle modality imbalance. Our 
proposed SPCL module comprises two key components: (1) a Difficulty Measurer, which assesses the complex-
ity of each training sample through a dual-level design that captures utterance-level recognition performance 
and conversation-level modality discrepancy to ensure balanced learning across modalities; and (2) a Learning 
Scheduler, which dynamically refines sample selection based on the model’s evolving competence, progres-
sively guiding training from easier to more challenging instances.

While modality imbalance has been explored in general multimodal learning, its unique challenges in MERC, 
especially those linked to conversational context and dialogue structures, have not been fully addressed. Our 
method fills this gap by offering an SPCL strategy that is carefully tailored for MERC. With this design, SPCL 
improves model stability, reduces problems from modality imbalance, and achieves better performance on MERC 
tasks.

Overall, our key contributions are as follows:

	● We introduce a novel framework tailored for MERC, integrating our proposed module, SPCL, based on Self-
Paced Curriculum Learning (SPCL), to address modality imbalance through adaptive sample selection.

	● We design a Difficulty Measurer with a dual-level assessment mechanism, capturing both utterance-level rec-
ognition performance and conversation-level modality discrepancy. This ensures a more balanced multimodal 
representation learning process. Additionally, we design a Learning Scheduler that dynamically selects train-
ing samples based on model competence, facilitating a progressive learning process that enhances model 
robustness.

	● We conduct extensive experiments on benchmark MERC datasets, IEMOCAP [25] and MELD [26], integrat-
ing SPCL as a plug-in module into four baseline models. Results demonstrate significant performance im-
provements, validating the effectiveness of our approach.

The remainder of this paper is organized as follows: Sect. 2 provides a comprehensive review of related work, 
highlighting existing approaches to modality imbalance in MERC. Section 3 introduces our proposed method, 
detailing the architecture and functionality of the SPCL module. Section 4 describes the experimental setup, 
including datasets, baseline models, and evaluation metrics. Section 5 presents our results, with an in-depth anal-
ysis of performance improvements, ablation studies, and discussions on the impact of each component. Finally, 
Sect. 6 concludes the paper and outlines potential directions for future research.
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2  Related work

2.1  Multimodal conversational emotion recognition

Multimodal Emotion Recognition in Conversation (MERC) aims to identify emotions by leveraging multiple 
modalities, including textual, auditory, and visual data. The interplay between these modalities enhances emotion 
recognition, yet the complexity of conversational dynamics-such as speaker interactions and evolving emotional 
states-poses significant challenges. To tackle these issues, various methodologies have been developed, ranging 
from sequential modeling to advanced fusion and graph-based approaches [7, 8, 27, 28].

Early MERC models primarily relied on recurrent neural networks (RNNs) and transformers to model dia-
logue context. DialogueGCN [27] structures conversations as graphs, capturing speaker relationships through 
edge connections. COSMIC [6] integrates commonsense knowledge into an RNN-based framework to enhance 
context understanding, while DialogueCRN [29] employs cognitive-inspired mechanisms to model emotion flow 
across utterances. More recently, DialogXL [30] has demonstrated the effectiveness of transformers in processing 
long-range dependencies within conversations. A critical aspect of MERC is how modalities are integrated. Initial 
approaches, such as bc-LSTM [31] and CMN [32], focused on concatenating modality features but lacked sophis-
ticated interaction mechanisms. Subsequent methods have improved fusion techniques by leveraging hierarchical 
structures [33], feature disentanglement [34], and attention-based co-learning [35]. Transformer-based models 
like TBJE [36] apply modular co-attention to refine cross-modal representations, while AdaIGN [37] selectively 
adjusts node and edge relationships within the fused feature space. Beyond sequential and fusion-based mod-
els, graph neural networks (GNNs) have emerged as a powerful tool for encoding conversational structures. 
MMGCN [7] captures multimodal dependencies through graph convolution, considering both speaker identity 
and context flow. COGMEN [38] extends this by incorporating conversational graphs that dynamically evolve 
over time. Meanwhile, CORECT [8] models relational interactions between utterances, allowing for refined rep-
resentation learning across dialogues.

Despite their strengths, these methods primarily focus on architectural innovations and often overlook the criti-
cal issue of modality imbalance. Addressing this challenge requires not only optimizing fusion strategies but also 
devising techniques to balance the contributions of different modalities, ensuring robust performance even when 
certain modalities dominate or underperform.

2.2  Imbalanced multimodal learning

Multimodal learning, a rapidly growing field in artificial intelligence, focuses on leveraging and integrating 
data from multiple modalities, such as text, images, and audio, to improve model performance and enable richer 
understanding [2]. A critical challenge in multimodal learning is effectively integrating information from different 
modalities to enable complementary interactions. Traditional fusion strategies, such as early fusion, intermediate 
fusion, and late fusion, aim to combine multimodal information effectively. However, these strategies exhibit lim-
ited ability to resolve modality competition [39] and imbalanced multimodal learning, where dominant modali-
ties overshadow others. This imbalance often results in modality inhibition [40, 41], where weaker modalities 
fail to contribute meaningfully to the final decision. As a consequence, when a dominant modality is missing or 
corrupted [42], the overall performance of these models often degrades significantly. Addressing this challenge 
requires balancing the contributions of all modalities while ensuring that weaker modalities are not entirely 
suppressed.

Recent studies [9, 39, 43] highlight that multimodal models often fail to outperform their best unimodal coun-
terparts due to modality imbalance. To tackle this, various works have introduced optimization strategies aimed 
at rebalancing the learning process across modalities. One common approach is gradient modulation, where the 
model dynamically adjusts learning rates or gradients based on modality importance. For instance, Peng et al. [9] 
propose an on-the-fly gradient modulation strategy that monitors the contribution discrepancies of each modality 
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toward the learning objective, ensuring balanced optimization. Similarly, Fan et al. [18] introduce a prototypical 
modal rebalance (PMR) method that controls updating directions for each modality, allowing for more effective 
unimodal learning. FAGM [12] extends this by fine-tuning gradient updates at the parameter level, proportionally 
adjusting contributions from each modality to prevent over-reliance on dominant features.

Beyond gradient-based solutions, some methods enhance modality interaction to mitigate imbalance. RNA 
loss [44] introduces constraints in the loss function to align feature norms across modalities, ensuring more con-
sistent feature representations and reducing modality discrepancies. OGM-GE [9] further improves balancing by 
dynamically adjusting gradients based on each modality’s importance, preventing weaker modalities from being 
overshadowed. Other approaches focus on modality interaction enhancements. MLA [15] employs an alternating 
learning algorithm that iteratively updates different modalities, promoting stronger cross-modal dependencies. 
ReconBoost [45] leverages gradient boosting to dynamically adjust learning objectives, capturing underutilized 
information from weaker modalities. Knowledge distillation has also been explored as a way to improve weaker 
modalities, with UMT [46] transferring knowledge from well-trained unimodal teachers to guide multimodal 
representations. More recently, On-the-fly Prediction Modulation (OPM) [47] has been proposed as another 
approach to address modality imbalance. By monitoring the discriminative discrepancy between modalities dur-
ing training, OPM dynamically drops features from the dominant modality with a certain probability, whereas 
OGM-GE [9] instead mitigates gradient contributions on-the-fly to balance learning across modalities. While 
they have demonstrated effectiveness in general multimodal tasks, they often introduce increased model com-
plexity and additional training overhead.

Despite their contributions, these methods are often constrained by assumptions about network architecture, 
loss functions, or optimization methods, limiting their applicability in more general scenarios. Unlike these 
approaches, our method removes these restrictions by supporting arbitrary numbers of modalities, optimizers, 
and loss functions. Furthermore, our method is specifically designed for the MERC task under imbalanced sce-
narios, addressing both utterance-level and conversation-level modality imbalance. We not only consider the 
external disparity across modalities but also explore the intrinsic factors within conversations that contribute to 
imbalance.

2.3  Self-paced curriculum learning

Inspired by the structured progression of knowledge acquisition in human cognition, Curriculum Learning (CL) 
[48, 49] has emerged as a training paradigm that organizes the learning process by introducing samples in an 
incremental order of complexity-from simpler to more challenging examples. By steering the model toward 
an optimal parameter space, CL has demonstrated significant potential across diverse domains, including large 
language models [50], action recognition [51], affective computing [28, 52], and reinforcement learning [53]. A 
typical curriculum framework is composed of two fundamental components: a difficulty measurer, which quanti-
fies the complexity of training samples, and a scheduler, which determines the timing and strategy for incorporat-
ing more complex samples into the training process. For the MERC task, Nguyen et al. [28] employ a Directed 
Acyclic Graph to integrate textual, acoustic, and visual features within a unified framework. Their model lever-
ages CL to address challenges related to emotional shifts and data imbalance; however, it does not specifically 
focus on modality imbalance. In the broader context of multimodal imbalance learning, Qian et al. [54] propose 
a sample-level curriculum that dynamically assesses each sample’s difficulty based on prediction deviation, con-
sistency, and stability. They also introduce a modality-level curriculum to measure modality contributions from 
both global and local perspectives. Nevertheless, their method does not directly address the unique challenges 
posed by MERC tasks.

A key subset of CL, known as Self-Paced Learning (SPL), automates difficulty evaluation by using the model’s 
current training loss as an indicator of sample complexity. Inspired by educational methodologies-where learners 
control their study pace by selecting topics, determining study methods, and managing learning duration [55–
57]-SPL offers a dynamic and adaptive training process. Unlike traditional curriculum learning, which follows 
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predefined criteria for structuring the learning process, SPL dynamically adjusts the training curriculum based on 
the model’s learning progress. By leveraging a loss-driven difficulty measurer, SPL adapts to different tasks and 
data distributions, ensuring a more tailored and efficient training process. Moreover, SPL seamlessly integrates 
curriculum design into the learning objective, making it a flexible tool for enhancing various machine learning 
frameworks [58].

In this work, we apply SPL to multimodal learning under imbalanced scenarios, particularly in MERC task. 
Our approach addresses modality discrepancy problem by introducing a Learning Scheduler strategy that designs 
an adaptive curriculum, dynamically selecting appropriate samples at each training step based on the model’s 
response. This ensures a balanced learning process, enabling the model to effectively handle modality imbalance 
while improving overall robustness.

3  Methodology

In this section, we introduce the detailed architecture of our framework with our proposed Self-Paced Curriculum 
Learning-based (SPCL) module, designed to mitigate modality imbalance in MERC. Figure 2 illustrates the over-
all pipeline of our approach, showcasing how the SPCL module seamlessly integrates with existing MER models. 
In the following subsections, we provide an end-to-end overview of our framework, from obtaining unimodal 
emotion predictions to formulating the learning objective.We provide a detailed analysis of SPCL, including the 
formulation, implementation, and influence of the Difficulty Measurer and Learning Scheduler on the training 
process.

3.1  Problem definition

Given a predefined emotion category set C and a dataset D = {U1, U2, . . . , U|D|}, conversation Ui consists of Ni 
utterances and their corresponding labels {(xi1, yi1), (xi2, yi2), . . . , (xiNi , yiNi)}. The Emotion Recognition in 

“You liked it? You 

really liked it?”

“Yeah, I do.”

.....

Network a

Multimodal
Framework

...

.

Network t Network v

Self-paced Curriculum 
Learning-based Approach 

(SPCL)

Difficulty Scheduler

Update

Ui - element-wise sum

- standard deviation

- element-wise product

Ui - i-th conversation

Ni - # utterances in Ui

Fig. 2  Our framework pipeline with integrated SPCL module
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Conversation (ERC) task is to predict an emotion label from C for each utterance xij . In the context of multimodal 
conversation, every utterance is represented through M modalities. Specifically, the modalities include audio (a), 
textual (t) and visual (v) modal. Thus, the input can be written as:

	 xij = {xa
ij , xt

ij , xv
ij}

where xm
ij ∈ Rdm  with dm is the dimension the m modality.

In the following subsections, we introduce our framework, which includes 2 main sub-modules: (1) Modality 
Prediction, (2) Self-paced Curriculum Learning-based (SPCL) module.

3.2  Modality prediction

For each utterance xij  in conversation Ui, an emotion prediction network is utilized to generate uni-modal predic-
tion logit:

	 zm
ij = ϕm(xm

ij ; θm), m ∈ {a, t, v}� (1)

where the function ϕm(·) : Rdm → R|C| is the uni-modal network with learnable parameter θm, and zm
ij ∈ R|C| is 

the logit prediction corresponding to modal m.
In order to retrieve the ultimate prediction for utterance xij , i.e. cross-modal logit, we perform a simple fusion 

step on the uni-modal logits from above. Specifically, the cross-modal logit is the sum of uni-modal logits. This 
fusion step can be written as:

	
zjoint

ij =
{a,t,v}∑

m

zm
ij � (2)

where zjoint
ij ∈ R|C| is the cross-modal logit prediction for utterance xij , and zm

ij  are the uni-modal logits from 
(Equation 1).

We evaluate the model’s overall performance on utterance xij  via the cross-modal logit as follow:

	 lij = − log(softmax(zjoint
ij )yij )� (3)

where lij ∈ R is the loss with regard to utterance xij .

3.3  Self-paced Curriculum Learning-based Approach (SPCL)

Self-paced Curriculum Learning is employed to alleviate the imbalance between modals during training; at the 
same time, elevate MERC task performance. Adapting existing works using curriculum learning, we also design 
the learning curricula via two components: (1) Difficulty Measurer to determine the difficulty of all samples in 
the dataset, and (2) Learning Scheduler to control the learning pace.

3.3.1  Difficulty measurer

Traditional Difficulty Measurers treat each utterance as an independent sample, computing an utterance-level dif-
ficulty score to guide the sample selection process. In line with this approach, we adopt the utterance loss from 
Sect. 3.2 as the utterance-level score, under the assumption that a higher loss indicates greater misalignment 
among the unimodal representations of the utterance. However, this method is limited by its inability to capture 
the broader dialogue dynamics. Specifically, an utterance-level score alone fails to capture broader conversational 
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characteristics, such as emotional dependencies between utterances and the overall emotion distribution within 
a dialogue.

To address this limitation, we propose incorporating a conversation-level difficulty score alongside the utter-
ance-level score to provide a more comprehensive assessment of sample difficulty. This conversation-level score, 
which is unique to each dialogue, is shared among all utterances within the same conversation, thereby ensuring 
a more holistic evaluation of multimodal interactions and emotional coherence.

To obtain the conversation-level score, firstly, we retrieve uni-modal scores for conversation Ui using uni-
modal logits as follow:

	
sm

i =
Ni∑

j=1

|C|−1∑
k=0

I(yij = k)softmax(zm
ij )k� (4)

where sm
i  is a scalar that acts as the score of Ui w.r.t modal m, zm

ij  is the logit from Eq. 1, I(yij = k) is the indicator 
which equals 1 if yij = k and 0 if otherwise, softmax(·)k indicates the kth value of softmax.

Next, we derive the cross-modal score of Ui by computing the standard deviation of uni-modal scores, which 
serves as a quantifiable measure of inter-modal variation. The standard deviation function evaluates the extent 
to which individual uni-modal scores sm

i  deviate from their mean, thereby offering a systematic assessment 
of modality misalignment. A higher standard deviation signifies pronounced discrepancies among modalities, 
indicating that certain modalities exert greater influence while others contribute minimally, ultimately leading 
to an imbalanced representation. Conversely, a lower standard deviation suggests a more equitable contribution 
across modalities, facilitating more coherent multimodal information fusion. Furthermore, standard deviation is 
a robust statistical measure that normalizes variations across different datasets, ensuring a consistent and reli-
able evaluation of modality divergence. Consequently, we define this function’s output as the conversation-level 
score, leveraging its capability to effectively capture and quantify modality misalignment. Formally, this score is 
computed as follows:

	 si = σ(sa
i , st

i, sv
i )� (5)

where si is the conversation-level score of Ui, sm
i  with m ∈ {a, t, v} are from Eq. 4, and σ(·) is the standard 

deviation function.
Finally, the final difficulty of utterance xij  is formulated from utterance-level score lij  and conversation-level 

score si. To ensure that the difficulty fairly represents both ER task and modality discrepancy, we combine these 
two values the using harmonic mean:

	
ρij = 2silij

si + lij
� (6)

where ρij ∈ R is the difficulty of utterance xij . The use of the harmonic mean is particularly advantageous in 
this context, as it penalizes extreme values and ensures that neither lij  (recognition difficulty) nor si (modality 
misalignment) dominates the difficulty calculation. Unlike the arithmetic mean, which can be disproportion-
ately influenced by large values, the harmonic mean emphasizes situations where both components are relatively 
balanced, prevents overly sensitive to one factor while ignoring the other. This formulation adaptively scales 
difficulty, allowing the SPCL to prioritize utterances that are easy to classify or exhibit insignificant modality 
misalignment, i.e. utterances with low ρij .

3.3.2  Learning scheduler

A learning scheduler, responsible for organizing and distributing training samples throughout the learning 
process, is employed to ensure such structured training. Here, we adopt a controlled approach by utilizing a 
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hard regularizer, ensuring a strictly progressive training schedule where training samples are either included or 
excluded based on their predefined difficulty level ρij . Unlike soft regularization techniques, which gradually 
adjust sample importance through continuous weighting [59], a hard regularizer completely excludes difficult 
samples until the model is sufficiently trained to handle them. This strict progression helps prevent catastrophic 
forgetting and encourages a more stable knowledge accumulation process, as demonstrated in prior curriculum 
learning research [49].

Specifically, we define a mask value vij  corresponding to utterance xij . Our vij  is retrieved using a hard regu-
larizer g(ρij , λ) that leads to a binary weighting:

	
vij = g(ρij , λ) =

{
1 ρij ≤ λ,
0 otherwise � (7)

where ρij  is the difficulty, and λ > 0 is a threshold parameter that acts as the boundary splitting easy and hard 
samples.

To ensure adherence to the intended learning manner, the threshold parameter λ is initially set to a relatively 
small value. As training progresses, λ is gradually increased to regulate the difficulty level of the samples intro-
duced to the model. Specifically:

	
λ(t) =

{
ε t = 0,
αλ(t−1) t > 0 � (8)

where λ(t) is the difficulty threshold at epoch t − th, ε is a relatively small number, α > 1 is the aging hyper-
parameter used to monitor the learning pace. Here, ε and α are hand-selected via conducting experiments.

3.4  Multi-modal learning with SPCL

In a standard MERC task, the objective loss is computed as the sum of the negative log likelihood loss for each 
sample lij , as follows:

	
L = 1

∑|D|
i=1

∑Ni
j=1 1

|D|∑
i=1

Ni∑
j=1

lij � (9)

with 
∑|D|

i=1
∑Ni

j=1 1 refers to the total number of utterances in the dataset.
At each training step, once the loss is obtained, the parameters of the multimodal framework, i.e. the learnable 

parameters θm of the uni-modal networks ϕm(·), are updated using gradient-based optimization as following:

	
θm(t+1) ← θm(t) − η

∂L
∂θm(t) , m ∈ {a, t, v}� (10)

However, with the integration of our SPCL module, we refine this process by selectively excluding difficult sam-
ples from the loss computation. Specifically, we mitigate the influence of these challenging samples by scaling 
lij  with a binary mask vij , which functions as a gating mechanism. This mask ensures that only easy-to-moderate 
samples contribute to the loss during the initial training stages, facilitating a more stable and progressive learning 
trajectory. Our new SPCL loss function is formally defined as:

	
LSP CL = 1

∑|D|
i=1

∑Ni
j=1 vij

|D|∑
i=1

Ni∑
j=1

vijlij � (11)

where LSP CL is the new loss, 
∑|D|

i=1
∑Ni

j=1 vij  is the number of easy samples.



1 3

10  459   Page 10 of 26

Neural Comput & Applic

https://doi.org/10.1007/s00521-026-12160-6

Consequently, the uni-modal networks’ parameters are updated based on this filtered loss, ensuring that the 
model first learns from well-aligned, lower-difficulty samples before gradually incorporating harder samples as 
training progresses.

	
θm(t+1) ← θm(t) − η

∂LSP CL

∂θm(t) , m ∈ {a, t, v}� (12)

Overall, the whole training process is described in Algorithm 1.

Algorithm 1  Pseudo-code for training a multimodal ERC framework with SPCL integration

4  Experimental setup

4.1  Datasets

We conduct experiments on two benchmark datasets for ERC task that support multi-modal, namely: IEMOCAP 
[25], MELD [26]. Statistics of the two datasets are summarized in Table 1.

IEMOCAP [25]: A dataset of 12-hour video recordings involving 10 actors. This dataset includes 151 dia-
logues of binary speakers, split into a total of 7,433 utterances. Each utterance is annotated with one of the 6 
emotion labels: happy, sad, neutral, angry, excited, or frustrated.

MELD [26]: A dataset deprived from the TV series “Friends”. This dataset provides 1,433 multi-party dia-
logues, segmented into 13,709 utterances. These utterances are classified into: happy, sad, angry, scared, dis-
gusted, and surprised, with sentiment intensity ranging from −3 to 3.

4.2  Baselines and evaluation metrics

To evaluate the robustness and stability of our proposed method, we incorporate it into 4 existing models for ERC 
task, namely: DialogueGCN [27], BiDDIN [60], MMGCN [7], MM-DFN [61]. In particular, these models are 
used as our emotion prediction network ϕm(·) in Eq. 1.

Table 1  Statistics for IEMOCAP and MELD
Dataset Dialogues Utterances

Train Valid Test Train Valid Test
IEMOCAP 120 31 5,810 1,623
MELD 1,039 114 280 9,989 1,109 2,610
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	● DialogueGCN [27]: Models intra- and inter-speaker dependencies using a bidirectional GRU for sequential en-
coding and a speaker-level graph encoder. Nodes exchange contextual information via similarity-based atten-
tion. Originally text-only, we extended it to multimodal by incorporating visual and audio data with late fusion.

	● BiDDIN [60]: Captures intra- and inter-modal dependencies using a bidirectional GRU for modality-specific 
encoding and a graph-based encoder for cross-modal interactions. Nodes refine representations via message 
passing, with edge weights set by similarity-based attention. Emotion classification is performed as a node 
classification task in a multimodal graph.

	● MMGCN [7]: A multimodal, speaker-aware model using a graph-based fusion framework. A deep GCN refines 
node embeddings, integrating intra-speaker, inter-speaker, and cross-modal relationships. Through message 
passing, long-distance contextual information is aggregated for emotion classification as a node classification 
task.

	● MM-DFN [61]: Utilizes a graph-based fusion mechanism for intra- and inter-modal dependencies. A modality-
specific encoder processes features separately, while a dynamic fusion module filters redundancy and preserves 
complementary signals. Emotion classification is framed as a node classification task in a multimodal graph.

Since our method requires directly computing uni-modal scores from uni-modal logits, all baselines follow a late-
fusion structure. To provide a clearer comparison, we also evaluate our approach against existing frameworks 
and modules designed to address imbalanced multimodal learning, including RNA loss [44], OGM-GE [9], and 
FAGM [12]. Specifically, RNA loss introduces constraints in the loss function to align feature norms across 
modalities, ensuring more balanced representations. OGM-GE mitigates modality imbalance by dynamically 
adjusting gradient updates based on the discrepancy ratio. FAGM is a plug-in method that rebalances gradients at 
the parameter level by proportionally adjusting them based on modality dominance, preventing any single modal-
ity from overwhelming the learning process. While originally developed for bimodal settings, these methods are 
extended to trimodal models in our experiments. All modules and frameworks are integrated into the baselines 
and evaluated under the same training environment for a fair comparison.

In order to assess the performance of our model, we employ two key evaluation metrics: the Weighted F1-score 
(w-F1) and Accuracy (Acc.). These metrics provide insights into the effectiveness and overall correctness of the 
predictions made by our classifier.

4.3  Multimodal raw feature extraction

The multimodal feature extraction process involves extracting features from the acoustic, lexical, and visual 
modalities for each utterance. For both IEMOCAP and MELD datasets, audio features are obtained using the 
OpenSmile Toolkit [62]; visual features are extracted using OpenFace [63]; textual features are derived using 
sBERT [64]. The hyper-parameter settings used in the experiments are presented in (Table 2).

Parameter/Module IEMOCAP MELD
Text feature extraction sBERT [64]
Audio feature extraction OpenSmile Toolkit [62]
Visual feature extraction OpenFace Toolkit [63]
Text embedding dim. dt 768 768
Audio embedding dim. da 512 300
Visual embedding dim. dv 1024 342
ε [0.6, 1.2]
α [1.05, 1.4]
Learning-rate [0.0001, 0.0003]
Batch size 16 32
Epoch 50 50

Table 2  Hyper-parameters 
settings
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4.4  Reproducibility

SPCL is implemented using Pytorch1, and run experiments on Google Colab and Kaggle. We choose Adam as 
the optimizer. The batch size is 16 and 32 for IEMOCAP and MELD dataset, respectively. Since each combina-
tion of baseline and dataset have different converging rates, the hyper-parameters are tested on various settings. 
Particularly, learning-rate is selected within the range of [0.0001, 0.0003]; hyper-parameter ε, i.e. initial value 
of threshold λ, is picked from range of [0.6, 1.2]; raging hyper-parameter α is selected from range of [1.05, 1.4].

5  Result and discussion

We qualitatively analyze our proposed Self-paced Curriculum Learning-based Approach (SPCL) and the base-
lines on the IEMOCAP and MELD datasets. We also conducted extensive experiments to prove the utility of each 
individual components of the Difficulty Measurer in the ablation study section.

5.1  Comparision with baselines

5.1.1  Analysis of experimental results on IEMOCAP

Table 3 presents a comparative performance analysis of our proposed SPCL module against multiple baselines on 
the IEMOCAP dataset. The results demonstrate that integrating SPCL consistently improves weighted F1-score 
(w-F1) and accuracy (Acc) across all modality combinations (TAV, TA, TV, AV), outperforming existing meth-
ods. The performance gap with other imbalance-mitigation methods (∆) and the improvement over the original 
baseline model without any balancing strategy (∆Base) highlight the effectiveness of SPCL.

Overall Performance Improvements: Across all baseline models, our method achieves state-of-the-art per-
formance, yielding the highest accuracy and weighted F1 scores, with statistically significant improvements over 
the strongest existing approach, such as FAGM. Notably, our approach demonstrates substantial gains in TAV 
and AV settings, where modality imbalance poses a significant challenge. Compared to the baseline without any 
balancing strategy, our method consistently delivers marked performance enhancements. In the DialogueGCN 
(TAV) setting, the baseline achieves 60.43% w-F1 and 60.54% accuracy, whereas our method significantly 
improves these to 66.99% w-F1 (+6.56%) and 67.03% accuracy (+6.49%). Similarly, in MM-DFN (TAV), our 
method surpasses the baseline by 5.62% in w-F1 and 5.66% in accuracy. The improvements are also consistent in 
the AV setting, where our method achieves 58.30% w-F1 and 58.47% accuracy for DialogueGCN, representing 
gains of +10.41% w-F1 and +9.98% accuracy over the baseline.

While FAGM achieves competitive performance in some cases, other methods such as RNA loss and OGM-
GE frequently result in performance degradation. For instance, in DialogueGCN (TAV), RNA loss reduces w-F1 
from 60.43% to 58.43% and accuracy from 60.54% to 58.47%. OGM-GE further degrades performance to 
57.16% w-F1 and 57.24% accuracy. This indicates the limitations of static regularization approaches in handling 
modality imbalance. OPM yields only modest and inconsistent improvements over the baseline. For instance, in 
MM-DFN (AV), it raises w-F1 from 53.30% to 54.02%, yet remains 4.28% below our method’s 58.30%. This 
indicates that fixed reweighting strategies like OPM are insufficient for capturing dynamic modality contributions 
under imbalance.

These results suggest that the success of our method stems from its ability to dynamically adapt to the evolv-
ing learning difficulty of samples and the shifting contributions of different modalities. Unlike static or manu-
ally designed weighting schemes, our SPCL framework leverages real-time feedback from both utterance-level 
performance and conversation-level modality discrepancies. This dual-level perspective enables the model to 

1  https://pytorch.org/.

https://pytorch.org/
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prioritize informative yet underrepresented modalities and to avoid overfitting to dominant signals. As a result, 
the training process becomes more balanced and effective, leading to superior generalization performance across 
various MERC settings.

Impact on Modality Combinations: Among different modality combinations, the TAV setting exhibits the 
most substantial improvements with SPCL, effectively addressing modality imbalance. Across models, SPCL 
outperforms FAGM, achieving w-F1 gains ranging from 1.17% to 3.70%, demonstrating the benefits of adap-
tive sample selection in enhancing multimodal alignment. The TA and TV settings also experience consistent 
improvements, particularly in MMGCN when integrating SPCL compared to integrating FAGM, where accu-
racy increases from 63.26% to 66.15% (+2.89%), and in MM-DFN, where it improves from 63.94% to 66.80% 

Table 3  Performance comparison of baseline models with our SPCL module and other plug-in methods on IEMOCAP. Bold 
and underlined denote the best and second-best results, respectively. ∆ indicates the performance gap to the previous SOTA, 
while ∆Base measures the improvement of SPCL over the original baseline. Values marked with † denote statistically sig-
nificant improvements (p < 0.05) based on paired t-tests
Model TAV TA TV AV

w-F1 Acc w-F1 Acc w-F1 Acc w-F1 Acc
DialogueGCN [27]
Baseline 60.43 60.54 61.61 61.72 59.19 59.48 47.89 48.49
+ RNA loss 58.43 58.47 57.42 57.73 56.23 56.62 47.40 49.29
+ OGM-GE 57.16 57.24 59.30 59.52 55.88 56.13 43.71 44.98
+ OPM 58.89 59.72 57.02 57.55 60.48 60.54 49.80 51.76
+ FAGM 62.76 63.22 64.36 64.39 61.25 62.23 49.20 49.85
+ SPCL 66.99†

±1.03 67.03† 65.32†
±0.99 65.46† 64.47†

±0.21 64.46† 57.89†
±1.00 58.59†

 ∆ 4.23 3.81 0.96 1.07 3.22 2.23 8.09 6.83
 ∆Base 6.56 6.49 3.71 3.74 5.28 4.98 10.00 10.10
BiDDIN [60]
Baseline 58.29 58.20 58.73 58.67 58.57 57.93 45.35 46.03
+ RNA loss 58.63 58.55 58.02 57.92 57.29 57.24 42.54 44.82
+ OGM-GE 58.06 57.98 57.71 57.73 57.58 57.55 39.84 40.42
+ OPM 56.27 56.62 57.82 57.60 52.59 52.60 37.72 40.48
+ FAGM 58.81 58.84 58.88 58.16 59.04 58.96 46.36 46.77
+ SPCL 59.90†

±0.13 60.73† 60.24†
±1.11 60.43† 61.10†

±0.82 61.91† 46.34±0.43 49.11†

 ∆ 1.09 1.89 1.36 1.76 2.06 2.95 −0.02 2.34
 ∆Base 1.61 2.53 1.51 1.76 2.53 3.98 0.99 3.08
MMGCN  [7]
Baseline 62.67 62.67 62.66 62.72 58.99 59.14 47.22 49.23
+ RNA loss 63.13 63.28 59.25 59.27 56.30 56.50 50.35 51.20
+ OGM-GE 62.42 62.69 62.33 62.42 58.83 59.03 51.90 53.54
+ OPM 64.60 64.10 62.30 62.70 59.70 59.60 50.60 52.00
+ FAGM 64.53 64.51 63.25 63.40 61.02 61.06 54.14 54.90
+ SPCL 67.66†

±0.57 67.71† 66.75†
±0.42 66.51† 65.00†

±1.05 65.09† 53.70±0.71 54.04±0.94

 ∆ 3.06 3.20 3.50 3.11 3.98 4.03 −0.44 −0.86
 ∆Base 5.00 5.04 4.09 3.79 6.01 5.95 6.48 4.81
MM-DFN  [61]
Baseline 61.54 61.72 61.98 62.12 59.78 59.93 48.42 49.11
+ RNA loss 60.23 60.49 60.18 60.41 57.74 57.92 45.63 46.32
+ OGM-GE 59.92 60.13 60.57 60.69 58.33 58.49 44.98 45.51
+ OPM 63.30 62.91 64.43 64.45 64.06 63.89 53.55 53.79
+ FAGM 63.45 63.72 63.83 63.94 61.58 61.72 50.35 51.02
+ SPCL 67.16†

±0.67 67.08† 66.03†
±0.86 66.09† 64.31†

±0.66 64.70† 53.38†
±0.67 53.47†

 ∆ 3.71 3.36 1.60 1.64 0.25 0.81 −0.17 −0.32
 ∆Base 5.62 5.36 4.05 3.97 4.53 4.77 4.96 4.36
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(+2.86%). This suggests that SPCL effectively strengthens the interaction between textual and non-textual 
modalities.

The AV setting, which poses the greatest challenge due to the absence of textual features, exhibits the most 
pronounced improvements. In DialogueGCN, SPCL surpasses FAGM, improving w-F1 from 49.20% to 57.98% 
and accuracy from 49.85% to 58.49%, achieving gains of 8.78% and 8.64%, respectively. Similarly, in MM-
DFN, SPCL enhances w-F1 from 50.04% to 58.30% and accuracy from 50.91% to 58.47%, with improvements 
of 8.26% and 7.56%. These findings highlight the robustness of SPCL in optimizing non-textual modality fusion, 
making it particularly effective in overcoming modality imbalance.

5.1.2  Analysis of experimental results on MELD

Table 4 presents a comparative performance analysis of our proposed SPCL module against multiple baselines on 
the MELD dataset. Similar to IEMOCAP, integrating SPCL consistently improves weighted F1-score (w-F1) and 
accuracy (Acc) across all modality combinations (TAV, TA, TV, AV), surpassing existing approaches.

Overall Performance Improvements: Our method consistently achieves the highest performance across 
all baseline models in the TAV setting, outperforming competitive approaches such as FAGM. For example, 
in MM-DFN, with SPCL integrated, our method improves the weighted F1-score from 57.55% (FAGM) to 
59.17% (+1.62%) and from the baseline’s 57.52%, yielding a total gain of +1.65%. Similarly, in MMGCN, SPCL 
increases the weighted F1-score from 58.48% (FAGM) to 59.11% (+0.63%) and over the baseline’s 57.71%, 
achieving a total improvement of +1.40%. Across all evaluated models in the TAV setting, SPCL achieves an 
average weighted F1-score improvement of 0.85% over the second-best method and 2.25% over the baseline 
models, demonstrating consistent effectiveness in enhancing multimodal interactions.

While FAGM remains competitive, SPCL demonstrates a more adaptive learning strategy, particularly within 
transformer-based architectures. For instance, in MM-DFN on MELD, SPCL surpasses the second-best method 
OPM by 0.42% in the TAV setting (59.17% vs. 58.75%). Consistent with findings on IEMOCAP, static regular-
ization techniques such as RNA loss and OGM-GE often fail to deliver consistent performance improvements. 
While RNA loss improves performance in certain cases (e.g., 56.65% weighted F1-score in DialogueGCN’s TAV 
setting), it does not consistently achieve the best results across different models.

However, in DialogueGCN on MELD, our method does not consistently yield superior performance. In 
the TAV setting, SPCL achieves a weighted F1-score of 57.87%, which is only 0.14% higher than OGM-GE 
(57.73%). The limited effectiveness of our curriculum-based training on MELD may be attributed to the dataset’s 
shorter and more fragmented conversational structure. As SPCL progressively introduces more complex samples, 
its training schedule might not align optimally with MELD’s data distribution, thereby limiting its potential gains 
within this specific architecture.

Impact of Different Modality Combinations: The performance trends across modality combinations on 
MELD are largely consistent with those observed on IEMOCAP, further validating the effectiveness of our pro-
posed approach. The TAV setting particularly benefits from SPCL, as its adaptive sample selection enhances 
multimodal balance and improves overall recognition performance. Additionally, the TA and TV settings exhibit 
notable improvements, demonstrating the capacity of SPCL to mitigate modality imbalance across diverse mul-
timodal configurations.

Similar to IEMOCAP, SPCL consistently outperforms FAGM across models in the TA, TV, and AV settings. In 
the TA setting, SPCL achieves weighted F1-score improvements ranging from 1.39% to 1.75% over FAGM, with 
the most pronounced gains observed in BiDDIN (+2.08%) and MM-DFN (+2.41%) relative to the baseline. In 
the TV setting, SPCL maintains superior performance, particularly in BiDDIN (+3.54%) and MMGCN (+2.04%) 
over the baseline model. For the AV setting, while the improvements over competing methods are more moderate, 
SPCL attains the highest weighted F1-score in MM-DFN (42.42%) and MMGCN (44.34%), with notable gains in 
MM-DFN (+2.38%) compared to the baseline. These findings further reinforce the efficacy of SPCL in address-
ing modality imbalance and enhancing multimodal emotion recognition in conversations.
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5.2  Discussion and analysis

In this section, we provide further analysis and insights into the effectiveness of our proposed SPCL framework.

5.2.1  Impact of key components

We conduct an ablation study to evaluate the impact of the two key components in our Difficulty Measurer: the 
utterance-level score lij  and the conversation-level score si. Specifically, we systematically remove each com-
ponent from the difficulty formulation of ρij  in Eq. 6 and assess the resulting performance, as summarized in 
Table 5.

Table 4  Performance comparison of baseline models with our SPCL module and other plug-in methods on MELD. Bold 
and underlined denote the best and second-best results, respectively. ∆ indicates the performance gap to the previous SOTA, 
while ∆Base measures the improvement of SPCL over the original baseline. Values marked with † denote statistically sig-
nificant improvements (p < 0.05) based on paired t-tests
Model TAV TA TV AV

w-F1 Acc w-F1 Acc w-F1 Acc w-F1 Acc
DialogueGCN [27]
Baseline 53.11 55.08 51.99 54.22 54.22 56.07 43.54 44.54
+ RNA loss 56.65 58.47 54.21 58.35 53.78 58.12 43.64 47.32
+ OGM-GE 57.73 57.36 56.38 58.81 56.15 57.78 42.05 46.51
+ OPM 54.47 57.12 53.26 56.17 53.21 57.66 40.52 43.64
+ FAGM 54.61 58.96 54.80 57.28 55.26 57.10 40.02 44.44
+ SPCL 57.87±1.49 60.77† 58.04±0.56 60.84 56.18±1.38 58.61† 42.28±0.79 46.64
 ∆ 0.14 1.81 1.66 2.03 0.03 0.49 −1.36 −0.68
 ∆Base 4.76 5.69 6.05 6.62 1.96 2.54 −1.26 2.10
BiDDIN [60]
Baseline 56.41 58.54 56.23 57.85 56.46 58.06 43.07 47.35
+ RNA loss 52.18 49.16 53.21 50.31 52.59 49.43 41.05 44.60
+ OGM-GE 55.27 53.41 51.96 47.74 52.18 48.58 43.03 46.97
+ OPM 53.87 57.62 54.73 58.58 56.25 59.77 40.69 47.39
+ FAGM 57.47 59.18 56.56 58.05 56.93 58.10 44.39 48.62
+ SPCL 57.60†

±0.25 60.86† 58.08†
±0.30 61.22† 58.10†

±0.43 61.00† 42.30±0.23 48.15
 ∆ 0.13 1.68 1.52 2.64 1.17 1.23 −2.09 −0.47
 ∆Base 1.19 2.32 1.85 3.37 1.64 2.94 −0.77 1.12
MMGCN  [7]
Baseline 57.71 59.95 57.29 59.79 56.73 59.31 42.38 49.12
+ RNA loss 56.94 58.62 56.00 57.59 55.48 57.70 41.84 46.91
+ OGM-GE 57.59 59.92 56.80 59.77 56.20 59.08 42.20 48.81
+ OPM 55.78 57.24 56.27 59.77 55.29 59.23 42.72 47.20
+ FAGM 58.48 61.15 57.59 60.69 57.14 59.46 43.49 48.43
+ SPCL 59.11†

±0.48 61.32† 58.93†
±0.29 61.65† 58.14†

±1.17 60.64† 43.79†
±0.31 49.10

 ∆ 0.63 0.17 1.34 0.96 1.00 1.18 0.30 −0.02
 ∆Base 1.40 1.37 1.64 1.86 1.41 1.33 1.41 −0.02
MM-DFN [61]
Baseline 57.52 59.90 57.11 59.47 57.46 59.68 40.04 43.91
+ RNA loss 56.02 58.20 54.13 55.59 54.13 55.59 36.39 47.54
+ OGM-GE 56.53 58.39 55.86 59.08 56.25 58.24 40.60 48.43
+ OPM 58.75 61.42 57.67 61.38 58.28 61.49 42.51 47.16
+ FAGM 57.55 60.80 57.10 60.00 57.73 60.65 42.05 48.66
+ SPCL 59.17†

±0.30 61.91† 59.11†
±0.32 62.31† 58.91†

±0.17 61.94† 43.32±0.57 48.59†

 ∆ 0.42 0.49 1.44 0.93 0.63 0.45 0.81 −0.07
 ∆Base 1.65 2.01 2.00 2.84 1.45 2.26 3.28 4.68
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Overall, across all baseline models and modality settings, removing either component leads to consistent per-
formance degradation, confirming their complementary roles in SPCL. The performance drop is particularly 
pronounced in the TAV setting, which involves the full modality set and exhibits more complex inter-modal 
dynamics. For instance, in DialogueGCN (TAV), removing the utterance-level score causes a drop of 3.88% in 
weighted F1, while removing the conversation-level score results in a 2.67% decrease.

The utterance-level score proves to be especially critical, as its removal leads to substantial and consistent 
performance drops across multiple models and settings (e.g., −3.06% in MMGCN (TAV), −1.70% in MMDFN 
(TV)). This highlights its importance in capturing fine-grained, modality-specific discrepancies at the local level, 
thus guiding SPCL in effective pacing and intra-utterance balancing.

Conversely, the conversation-level score contributes to modeling broader, global-level patterns such as turn-
wise modality shifts or long-range emotional dependencies. While its removal leads to smaller declines compared 
to the utterance-level score, it still yields meaningful gains when present (e.g., +2.64% in DialogueGCN (AV), 
+1.62% in BiDDIN (TV)).

In a few cases, using only one of the two difficulty scores still surpasses the baseline performance (e.g., BiD-
DIN (TV) without conv-score achieves +0.91% over the baseline), underscoring the independent utility of each 
score. However, the full SPCL module consistently achieves the best results across all cases, reaffirming that both 
levels of difficulty modeling are necessary for addressing the diverse imbalance patterns in MERC.

5.2.2  Curricula expanding rate and hyper-parameters tuning

We define the curriculum expanding rate as the ratio of easy samples to the total samples at each training epoch. 
This rate ranges between 0 and 1, where a value of 1 indicates training on the entire dataset. However, it is not 
guaranteed to increase consistently unless carefully tuned. The expanding rates of various baselines, when inte-
grated with our module, are illustrated in Fig. 3.

This rate is directly influenced by the tuning of ε and α, which can be explained through the updating of λ in 
Eq. 8, and varies depending on the baseline architecture, as different models exhibit unique sensitivity to data 
distribution.

Our study on the curriculum expanding rate reveals that the best performance is achieved when the rate main-
tains a consistently increasing trend, as exemplified by DialogueGCN. This suggests that a gradual yet steady 

Table 5  Ablation study on IEMOCAP for our proposed SPCL module. The subscript ↓ or ↑ denotes the performance change 
compared to our SPCL module when a sub-module is ablated
Method TAV TA TV AV

w-F1 Acc w-F1 Acc w-F1 Acc w-F1 Acc
DialogueGCN [27] 60.43 60.54 61.61 61.72 59.19 59.48 47.89 48.49
+ SPCL (Ours) 66.99 67.03 65.32 65.46 64.47 64.46 57.89 58.59
 w/o utt-score 63.11↓3.88 63.24 65.31↓0.01 65.72 63.56↓0.91 63.72 55.29↓2.60 56.13
 w/o conv-score 64.59↓2.40 64.94 64.87↓0.45 65.66 63.49↓0.98 63.86 55.25↓2.64 56.06
BiDDIN [60] 58.29 58.20 58.73 58.67 58.57 57.93 45.35 46.03
+ SPCL (Ours) 59.90 60.73 59.40 60.24 61.10 61.91 46.34 49.11
 w/o utt-score 57.59↓2.31 59.18 60.41↑1.01 60.59 60.67↓0.43 61.28 45.02↓1.32 48.31
 w/o conv-score 58.61↓1.29 59.22 59.14↓0.26 60.46 59.48↓1.62 60.08 45.41↓0.93 48.50
MMGCN [7] 62.67 62.67 62.66 62.72 58.99 59.14 47.22 49.23
+ SPCL (Ours) 67.66 67.71 65.62 65.84 66.01 65.91 53.70 54.04
 w/o utt-score 64.60↓3.06 65.05 63.89↓1.73 64.01 62.55↓3.46 62.75 50.31↓3.39 52.18
 w/o conv-score 65.78↓1.88 65.85 66.02↑0.40 65.98 66.11↑0.10 66.07 52.00↓1.70 55.32
MM-DFN [61] 61.84 61.84 61.95 62.04 60.32 60.37 50.96 52.87
+ SPCL (Ours) 67.16 67.08 66.09 66.51 65.43 64.91 53.38 57.40
 w/o utt-score 66.46↓0.70 66.39 65.18↓0.91 65.45 63.73↓1.70 63.94 52.11↓1.27 52.53
 w/o conv-score 64.49↓2.67 64.54 65.20↓0.89 65.45 63.95↓1.48 64.29 50.93↓2.45 53.13
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introduction of complex samples enhances the learning progression of the model. Furthermore, this expanding 
rate highlights the critical role of early training phases in shaping overall model performance.

Since hyperparameter tuning is crucial, we further investigate this by conducting an ablation study on MMGCN 
and MMDFN using the IEMOCAP dataset. We experiment with different hyperparameter settings and analyze 
their impact on the curriculum expanding rate, as illustrated in the corresponding Table 6 and Fig. 4. Our findings 
indicate that ε and α are proportional to the expanding rate, meaning that the rate can be sped up by increasing 
these values or slowed down by decreasing them.

From our experiments, we observe that each model is optimized for a specific expanding rate. The v0 setting 
yields the best performance, whereas both speeding up and slowing down (v1+v2) the expanding rate result in 

(a) MMGCN (b) MM-DFN

Fig. 4  Curricula expanding rate of MMGCN and MM-DFN under SPCL hyper-parameters setting specified in Table 6

 

Model Version ε α w-F1 (%) Acc (%)
MMGCN v0 0.8 1.1 67.84 67.84

v1 0.4 1.1 67.19 64.02
v2 0.8 1.2 65.84 65.56

MM-DFN v0 0.4 1.2 67.92 68.21
v1 0.8 1.2 67.45 67.80
v2 0.6 1.1 66.83 66.51

Table 6  Performance of 
MMGCN and MM-DFN on 
IEMOCAP under different 
hyper-parameter settings 
for our SPCL module, with 
v0 representing the best 
configuration

 

Fig. 3  The curricula expanding rate of the four baselines 
integrated on IEMOCAP
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performance degradation. Our intuitive explanation for this phenomenon is that if the expanding rate is too fast, 
weak modalities with slower learning rates will fail to fully exploit easy samples, leading to an unreliable starting 
point and degrading the training process later on. Conversely, if the expanding rate is too slow, the model tends to 
overfit on easy samples and struggles to learn from hard examples due to mismatched data distribution, ultimately 
resulting in poor generalization.

5.2.3  Analysis of regularization strategy

We conducted a comprehensive comparison between our proposed hard regularizer and two alternative soft regu-
larization strategies, namely the Linear and Logistic regularizers. The implementations of these soft regularizers 
follow the closed-form formulations described in [58].

As shown in Table 7 and illustrated in Fig. 5, the hard regularizer consistently achieves superior or at least 
comparable performance across all evaluated backbones. For example, in the MMGCN model on the IEMOCAP 
dataset, the hard regularizer attains a weighted F1-score of 67.84%, outperforming both the Linear (65.20%) 
and Logistic (65.98%) regularizers. A similar trend is observed on the MELD dataset, where the hard regularizer 
achieves a weighted F1-score of 59.35% in MMGCN, surpassing the Linear (58.43%) and Logistic (59.02%) 
alternatives.

Beyond accuracy, the hard regularizer also leads to more stable performance across modalities, contributing 
to reducing the discrepancy caused by modality imbalance. These findings confirm that a hard regularization 
strategy is more effective for our dual objectives: improving overall model performance and managing modality 
imbalance in multimodal emotion recognition.

5.2.4  Analysis of Pacing Strategy

We further study alternative strategies for updating the difficulty threshold λ by adopting the following methods: 
cosine pacing, moving average(MA) pacing, and competence-based(CB) pacing [65]. The exponential pacing 
used in SPCL is described in Eq. 8, whereas the formulations of newly adopted strategies are described in Table 8.

As shown in Fig. 6, linear pacing strategies, i.e., exponential and cosine pacing, yield smoother updates of λ
. In contrast, the two non-linear strategies, where λ is adaptively updated with regards to sample difficulty ρij

, exhibit larger fluctuations, particularly under competence-based pacing. Consequently, linear pacing results in 
a smoother curriculum expansion, indicating a more stable introduction of new samples. Table 9 further shows 
that exponential and cosine pacing achieve better overall performance. These results highlight the importance of 
selecting an appropriate pacing strategy to ensure stable curriculum progression.

Table 7  Performance comparison of four backbone models on IEMOCAP and MELD datasets using different types of regu-
larizers for the learning scheduler
Regularizer MMGCN DialogueGCN BiDDIN MM-DFN

w-F1 Acc w-F1 Acc w-F1 Acc w-F1 Acc
IEMOCAP
Hard Regularizer 67.84 68.02 66.46 66.61 59.98 60.07 67.92 68.21
Soft Linear 65.20 65.13 64.87 64.70 56.77 57.18 65.94 65.80
Soft Logistic 65.98 66.17 67.14 67.41 58.16 59.52 64.79 64.88
MELD
Hard Regularizer 59.35 61.72 55.37 60.38 57.76 60.50 59.14 62.07
Soft Linear 58.43 60.73 54.55 60.12 57.64 59.62 57.64 59.62
Soft Logistic 59.02 61.17 56.07 60.84 56.94 59.72 58.27 61.26
The best performance for each dataset and backbone is highlighted in bold
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(a) DialogueGCN

(b) BiDDIN

(c) MMGCN

(d) MM-DFN

Fig. 5  Modality ratio of the four backbones during training on the IEMOCAP dataset using different types of regularizer for 
the Learning Scheduler
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5.2.5  Modality ratio

Our study aims to achieve two key objectives: (1) enhancing the performance of tri-modal models relative to 
their bi-modal and uni-modal counterparts and (2) mitigating modality imbalance during training. To further 
investigate the latter, we analyze the modality ratio, which quantifies each modality’s contribution relative to the 
weakest modality throughout training.

As depicted in Fig. 7, the integration of our SPCL module effectively reinforces the weaker modalities across 
all baseline models. Specifically, we observe an increase in the audio modality ratio by 0.2 to 0.5 and an increase 
of 0.15 in the visual modality ratio. Concurrently, our approach reduces the dominance of the strongest modal-
ity (i.e. text). This effect is particularly notable in MMGCN, where the text modality ratio decreases from 3 to 
2, indicating a more balanced learning process. These findings confirm that our method successfully addresses 
modality imbalance by narrowing the gap between strong and weak modalities, ensuring a more equitable con-
tribution from all modalities.

Table 9  Performance comparison of MMGCN and MM-DFN on IEMOCAP and MELD dataset using different pacing strat-
egies. The best and second-best performances for each dataset and backbone are highlighted in bold and underline
Strategy IEMOCAP MELD

MMGCN MM-DFN MMGCN MM-DFN
w-F1 Acc w-F1 Acc w-F1 Acc w-F1 Acc

Exponential 67.84 68.02 67.92 68.21 59.35 61.72 59.14 62.07
Cosine 65.47 65.00 67.63 67.53 58.10 61.23 57.06 61.11
MA 62.63 62.91 67.55 67.34 57.78 60.77 56.46 57.78
CB 63.80 63.52 66.68 66.42 58.71 62.34 58.44 60.61

Fig. 6  Curricula expanding rate and respective threshold value of MMGCN on MELD under different pacing strategies

 

Strategy Formulation
Cosine λ(t) = λmin + λmax−λmin

2 · (1 − cos( π·t
T ))

MA
λ(t) =

{
αλ(t−1) + (1 − α) ·

∑|D|
i

∑Ni

j
ρij if t < t0

max ρij if t ≥ t0

CB
ct = min

(
1,

√
t
1 − c2

0
T

+ c2
0

)

λ(t) = Quantile(ρij , ct)

Table 8  Formulations of 
experimented pacing strate-
gies. T and t denote total 
training epoch and current 
training epoch, respectively
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(a) DialogueGCN

(b) BiDDIN

(c) MMGCN

(d) MM-DFN

Fig. 7  Modality ratio of the four backbones during training on the IEMOCAP dataset
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5.2.6  Limitations

Although SPCL introduces negligible architectural overhead, several practical considerations remain. First, its 
effectiveness is sensitive to backbone architectures and dataset characteristics, often requiring extensive hyper-
parameter tuning. As discussed in Sect. 5.2.2, brute-force strategies such as grid search are impractical for large-
scale models, underscoring the need for a more general and adaptive tuning strategy. Second, the Difficulty 
Measurer operates at the batch level rather than over the entire dataset, which may lead to inaccurate difficulty 
estimation when easy or hard samples are unevenly distributed. Increasing batch size can mitigate this, though it 
also raises computational demands, highlighting a trade-off between estimation reliability and resource efficiency.

From a scalability perspective, SPCL was designed as a plug-in module with minimal computational over-
head. At each training step, the Difficulty Measurer reuses model outputs and losses to compute utterance- and 
conversation-level scores, while the Learning Scheduler adjusts sample weights without redundant computa-
tion. With efficient masking and matrix operations implemented in PyTorch and NumPy, the additional training 
time remains moderate (e.g., an average increase of around 10 s per epoch for MMGCN on MELD compared to 
IEMOCAP).

Data-wise, SPCL’s curriculum progression may not always align with datasets containing brief or fragmented 
dialogues. Moreover, both benchmark datasets (IEMOCAP and MELD) consist of scripted dialogues, which may 
not fully capture the dynamics of spontaneous emotional interactions. Future work will extend SPCL to more 
naturalistic datasets (e.g., K-EmoCon [66]) to evaluate its robustness and generalizability in real-world scenarios.

Finally, since SPCL operates solely during the training phase and leaves the baseline model architecture 
unchanged, it can be seamlessly integrated into various multimodal frameworks and does not affect model deploy-
ment, further demonstrating its extensibility and practicality for large-scale conversational emotion recognition.

6  Conclusion

In this work, we have introduced SPCL, a plug-and-play module designed to address modality imbalance in 
Multimodal Emotion Recognition in Conversation (MERC). Our approach leverages Self-Paced Curriculum 
Learning to dynamically mitigate modality discrepancies during training, thereby promoting more balanced mul-
timodal representation learning. Specifically, SPCL comprises two key components: (1) a Difficulty Measurer, 
which quantifies sample complexity at both the utterance and conversation levels based on loss dynamics and 
modality alignment, and (2) a Learning Scheduler, which adaptively regulates the training curriculum, progress-
ing from easier to more complex samples. Extensive experiments on IEMOCAP and MELD validate the effec-
tiveness of SPCL, demonstrating consistent improvements in both w-F1 and accuracy across multiple baselines. 
Moreover, our approach effectively strengthens weaker modalities while mitigating the over-reliance on domi-
nant ones, leading to a more balanced multimodal representation. Ablation studies further highlight the neces-
sity of integrating both utterance- and conversation-level information and maintaining a progressive curriculum 
expansion rate for optimal convergence.

We further show that maintaining an appropriate curriculum expanding rate is essential. A rate that grows 
steadily over training yields better results, as it allows weaker modalities sufficient exposure to easier samples 
while preventing overfitting on simple instances. Additionally, our comparison between regularization strategies 
demonstrates that the hard regularizer consistently achieves superior or comparable performance to soft regular-
izers, offering more stable learning across modalities and better managing modality imbalance. Moreover, our 
analysis of modality ratios confirms that SPCL effectively reduces the dominance of strong modalities, such as 
text, and enhances contributions from weaker ones like audio and visual inputs, thereby addressing modality 
imbalance more comprehensively.

In future work, we aim to enhance our approach by adapting the curriculum scheduling strategy to better 
reflect dataset-specific traits, exploring alternative difficulty measures suited to brief dialogues, and integrating 
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adaptive pacing mechanisms to ensure greater compatibility with diverse conversational formats. Further exten-
sions include expanding SPCL for Large Multimodal Model (LMMs), and to cross-lingual datasets. To support 
these developments, comprehensive studies on hyperparameter behaviors and evaluations on more diverse datas-
ets will be conducted to address current limitations and ensure robust scalability. Additionally, we find extending 
SPCL to the task of sentiment analysis in conversations presents a feasible and meaningful direction, given its 
close similarity in data characteristics and backbone architectures to multimodal emotion recognition.

Data availability  The experimental data in this study are from the IEMOCAP (https://sail.usc.edu/iemocap/iemocap.htm) 
and MELD (https://affective-meld.github.io/).
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