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BCAF: Bimodal connection attention fusion for
robust emotion recognition from speech and text

Jiachen Luo, Huy Phan, Lin Wang, Joshua D. Reiss*

Abstract—Bimodal speech emotion recognition is challenging
due to the difficulty of capturing subtle emotional cues and
effectively modeling complex interactions between audio and
text. Existing methods often overlook the importance of modality
connections and struggle to filter noisy or misleading cross-modal
signals. To address these issues, we propose a novel Bimodal
Connection Attention Fusion (BCAF) framework that explicitly
models modality-specific representations and their interactions.
BCAF includes three key modules: an interactive connection
network that learns modality connections through an encoder-
decoder structure; a bimodal attention network that captures
intra- and inter-modal dependencies; and a correlative attention
network that filters cross-modal noise to improve robustness. Ex-
tensive evaluations across benchmark datasets show that BCAF
achieves superior performance over existing methods, highlight-
ing its strength in modeling detailed modality connections and
interactions for emotion recognition.

Index Terms—deep learning, conversational emotion recogni-
tion, multi-modal fusion, modality connection, modality interac-
tion, attention

I. INTRODUCTION

THE proliferation of mobile internet and smartphones has
led to the widespread use of social networking platforms

where users create and share content in various modalities,
such as audio, text, and video. Extracting and analyzing
emotions from this multimodal content has extensive appli-
cations in human-computer interaction, surveillance, robotics,
and gaming [1], [2], [3]. However, effectively integrating
multiple modalities remains a significant challenge in emotion
recognition research.

Previous multi-modal emotion recognition methods have
achieved good performance [4], [5]; however, key challenges
remain in multi-modal emotion recognition. Different modal-
ities require independent preprocessing and feature extraction
designs due to their heterogeneous nature [6], [7], [8]. To
develop a model that is both applicable and generalizable
across individual modalities and fusion models, it is essential
to learn modality connections and interactions for learning
discriminative emotional content.

In multi-modal learning, modality connection in multi-
modal learning refers to the extent to which information
is shared across modalities, shaping a unified representation
[9]. Unlike correlation, which quantifies modality dependence,
modality connection captures the semantic alignment between
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modalities. For example, a higher vocal pitch may correlate
with excitement, but modality connection determines if the au-
dio tone, facial expressions, and text consistently reinforce that
excitement. A strong modality connection ensures meaningful
interaction among modalities, whereas a weak connection may
lead to ambiguity. Leveraging modality connections enables
a more nuanced understanding of emotions, improving the
robustness and accuracy of emotion recognition systems.

On the other hand, modality interaction refers to the re-
lationships and dependencies between modalities, which can
vary from strong correlations to weak or even conflicting
signals [10]. While modality connection emphasizes shared
content, modality interaction captures how different modali-
ties influence one another. For example, imagine a meeting
scenario where a participant says, “That’s great” in a flat,
monotone voice while avoiding eye contact and crossing their
arms. The verbal content suggests positivity, but the tone
and body language convey disengagement or sarcasm. Such
conflicting signals highlight the complexity of multi-modal
interactions. Accurately interpreting these interactions requires
understanding the context and modeling how modalities influ-
ence one another.

Two core types of interactions are frequently encountered in
multi-modal learning: intra-modal and inter-modal interactions
[11], [12], [13]. Intra-modal interactions measure relationships
within the same modality, while inter-modal interactions cap-
ture relationships between different modalities. Understand-
ing and learning these interactions are essential for building
an effective multi-modal emotion recognition system that
achieves three key goals: multi-modal integration, robustness,
and contextual awareness.

Many multi-modal emotion recognition studies have fo-
cused on exploring interactions across different modalities
while often overlooking the importance of modality connec-
tions. Existing approaches typically concatenate data for joint
fusion or aggregate decisions from various modalities through
weighted averaging [6], [14], [15], which neglects intra-modal
interactions and results in limited modeling of the nuanced
dependencies between modalities.

Recently, attention mechanisms have gained attraction due
to their effectiveness in modeling modality interactions [16],
[17], [18]. One representative work is the Multimodal Trans-
former (MulT) model [19], which applies cross-modal trans-
formers to process unaligned multimodal sequences. While
effective, such approaches primarily focus on global attention-
based fusion and often lack a deeper structural understanding
of how modalities interact and connect, leading to potential
shortcomings such as suboptimal connection strategies, loss
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of crucial cross-modal information, and diminished robustness
when dealing with conflicting or incomplete modality data.

Compared with MulT and similar frameworks [1], [18],
[19], our method introduces a more fine-grained and struc-
tured approach to modeling modality interactions. Rather than
applying general cross-modal attention across sequences, our
method emphasizes the explicit modeling of modality connec-
tions via specialized connection-aware modules that capture
both intra-modal and inter-modal dynamics. This distinction
allows for better interpretability and adaptability, especially in
the context of bimodal emotion recognition where the semantic
alignment between modalities (e.g., audio and text) is often
complex and variable.

Motivated by these observations (see Fig. 1), we propose a
novel Bimodal Connection Attention Fusion (BCAF) frame-
work for bimodal emotion recognition, which consists of
three key components: the uni-modal representation module,
the connection attention fusion module, and the classification
module. The main contributions of this paper are as follows:

• We propose an interactive connection network that ex-
plicitly models modality-specific features and their con-
nections, enabling more precise analysis of cross-modal
relationships between audio and text.

• We introduce a bimodal attention network, which dy-
namically adjusts weights to comprehensively model both
intra-modal and inter-modal interactions, leading to richer
and more discriminative fused representations.

• We design a correlative attention network to filter out
misleading cross-modal signals and enhance the learning
of valid intra- and inter-modal dependencies, improving
model robustness and generalization.

Experimental results on several public datasets demonstrate
that the proposed BCAF framework significantly outperforms
existing methods, validating its effectiveness and superiority
in modeling fine-grained modality interactions for emotion
recognition tasks.

The remainder of this paper is organized as follows: Section
II presents a brief literature review. Section III describes
our method in detail. Section IV outlines the experiments
conducted. Section V discusses the results. Finally, Section
VI provides conclusions based on this work.

II. RELATED WORK

A. Multi-modal Emotion Recognition

Emotion recognition in conversations has found widespread
applications across various fields [20]. Humans convey emo-
tions through multiple modalities, including speech and facial
expressions [14], [21], [22]. Among these, speech is a critical
modality because it expresses emotional cues through both
paralinguistic features, such as pitch, tone, and prosody, and
linguistic content. Since each modality contributes different
types of information, a single modality alone cannot provide
sufficient accuracy for emotion recognition [6], [23], [24].
Consequently, combining audio and text data has become
a dominant strategy in bimodal speech emotion recognition
system.
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Fig. 1. Illustration of the proposed Correlation-aware Bimodal Attention
Fusion (BCAF) framework, inspired by experimental observations on audio-
text modality correlation. The top part presents correlation heatmaps across
time steps, comparative F1 scores for unimodal and bimodal systems, and
modality distribution curves, which motivate our hypothesis on cross-modal
interactions. Based on these findings, we define the problem of audio-text
modality fusion and propose a hypothesis emphasizing the importance of
modality connection and interaction. The middle part of the figure depicts a
real dialogue example with aligned audio, and text data, highlighting sentiment
intensity analysis. The bottom part shows our BCAF mechanism, which
systematically incorporates intra-modal and inter-modal attention fusion to
effectively model both within-modality and cross-modality interactions.

Multi-modal fusion methods are broadly categorized into
early fusion, late fusion, and hybrid fusion [1], [2], [20], [24],
[25]. Early fusion combines features from different modalities
at the input level but may overlook complex inter-modal
dependencies [26], [27]. Late fusion aggregates decision-level
outputs from uni-modal classifiers [28], [29], simplifying pro-
cessing but limiting joint interactions. Hybrid fusion combines
intermediate representations from multiple modalities, and this
approach achieves a balance between architectural flexibility
and representational expressiveness [30], [31].

Recent transformer-based methods have shown promise
in modeling multi-modal dependencies. For example,
M2FNet [16], HCAM [32], and CFN-ESA [33] use multi-
head attention or co-attention mechanisms to learn both intra-
and inter-modal interactions. However, such methods often
lack hierarchical filtering of noisy or misleading modality
signals. MulT [19] employs cross-modal transformers to align
unaligned sequences, but fails to capture intra-modal structure
or selectively suppress spurious modality features. Similarly,
TelME [34], Mamba [35], and AGF-IB [36] introduce fusion
constraints and contrastive learning, but still struggle with
long-range dependency modeling and fine-grained control.

Other works aim to address modality-specific representation
learning. Shan et al. [37] proposed cross-modal transform-
ers that disentangle modality-invariant and modality-specific
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components, while Han et al. [38] introduced correlation-
controlled fusion between modalities. Zou et al. [39] intro-
duced multi-level acoustic co-attention to preserve hierar-
chical audio information before fusion. Kakuba et al. [40]
provided a comprehensive review of deep learning archi-
tectures for bimodal emotion recognition and proposed a
multi-learning model to balance between local and global
supervision. Ramkrishnan et al. [41] empirically demonstrated
the role of acoustic feature importance in determining deep
model behavior across emotion categories. In the graph-based
domain, Su et al. [42] developed a causal disentanglement
framework, while Nie et al. [43], [44] integrated commonsense
reasoning and graph convolutional structures to handle long or
incremental conversational emotions.

B. Noise Filtering Strategies
Emotional expressions often appear as brief and subtle

bursts within long conversational sequences, making it es-
sential to filter out irrelevant or redundant information to
prevent dilution of emotional cues. Accordingly, noise filtering
has become a crucial component in multi-modal emotion
recognition. Existing approaches can be broadly categorized
into three strategies: reconstruction-based methods [45], [46],
[47], gating-based methods [48], [49], [50], and attention-
based methods [51], [52], [53].

1) Reconstruction-based Filters: Reconstruction methods,
including auto-encoders [45], variational auto-encoders [46],
and encoder–decoder frameworks [47], denoise modality-
specific signals by reconstructing them from compressed la-
tent vectors. For example, SMIN [54] integrates intra- and
cross-modal modules within an encoder–decoder backbone.
Such approaches effectively preserve essential features and
provide a self-supervised training paradigm via reconstruction
losses. However, they often overemphasize unimodal refine-
ment, insufficiently model cross-modal dependencies, and lack
mechanisms for balancing modality contributions, sometimes
producing clean but poorly fused representations.

2) Gating-based Filters: Gating mechanisms regulate
modality contributions by adaptively weighting features. Early
designs used simple context or sigmoid gates [48], later
extended by modality-specific modules [49] and mixture-of-
experts gating [50]. These methods enhance robustness and
interpretability by suppressing irrelevant signals. Yet, scalar
gates oversimplify complex dependencies, often bias decisions
toward dominant modalities, and fail to explicitly evaluate
cross-modal correlations. Moreover, they add computational
overhead and may destabilize training without careful regular-
ization.

3) Attention-based Filters: Attention mechanisms provide
flexible modeling of intra- and inter-modal dependencies
through dot-product, self-, cross-, and multi-head variants [51],
[52], [53]. A notable example is MulT [19], which employs
cross-modal transformers for sequence alignment. Attention-
based filters highlight salient features, capture long-range
relationships, and offer interpretability via attention weights.
Nevertheless, they may amplify spurious correlations, under-
emphasize intra-modal structures, and lack explicit balancing
between intra- and inter-modal signals.

While each paradigm contributes to noise suppression,
none alone is sufficient. Reconstruction excels at denoising
but underutilizes cross-modal cues; gating adaptively weighs
modalities but oversimplifies dependencies; attention flexi-
bly captures interactions but risks noisy alignments. Current
models also tend to underexploit the richness of audio, lack
hierarchical modeling of interactions, and remain vulnerable to
noisy or misleading modality connections, e.g., from speech
recognition errors. To address these limitations, we propose
the Bimodal Connection Attention Fusion (BCAF) framework,
which combines three complementary modules: the interac-
tive connection network for reconstruction-driven refinement
of both uni-modal and cross-modal features; the correlative
attention network for balanced self-, cross-, and joint attention
modeling; and the bimodal correlation evaluation module,
which uses correlation-driven gating to suppress noise and
balance modality contributions. Together, these components
enable robust, interpretable, and semantically aligned fusion,
significantly improving the reliability and performance of
bimodal speech emotion recognition.

III. METHODOLOGY

Our proposed BCAF method simultaneously models modal-
ity connections and interactions for bimodal speech recogni-
tion system. Fig. 1 illustrates the architecture of BCAF, which
consists of the uni-modal representation module, the connec-
tion attention fusion module, and the classification module.
The core connection attention fusion module comprises of
the the interactive connection network, the bimodal attention
network and the correlative attention network (see Figs. 3-5).

A. Uni-modal Representation Module

1) Acoustic Encoder: We use the large wav2vec model
as the audio modality encoder to obtain a 1024-dimensional
utterance-level audio representation from raw audio signals
[55]. The large wav2vec model is an advanced self-supervised
learning framework designed for speech representation learn-
ing. It consists of three key components: a feature encoder,
a Transformer-based contextual representation module, and
a quantization module. In total, 1024-dimensional utterance-
level acoustic features were extracted (Ha).

2) Textual Encoder: We use the RoBERTa model as the
text modality encoder to extract a 1024-dimensional utterance-
level text representation from raw text [56]. RoBERTa takes
the utterance transcript as input and generates rich contex-
tual representations from the final four layers. This process
produces four 1024-dimensional vectors for each token in the
input. We then average these vectors to obtain a contextual
utterance feature vector with a dimension of 1024 (Hl).

B. Connection Attention Fusion Module

We propose the connection attention fusion module to
learn modality connections and interactions between audio
and text for bimodal speech emotion recognition. The module
comprises three main components: the interactive connection
network (ICN), the bimodal attention network (BAN), and the
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Fig. 2. Architecture of our proposed the Bimodal Connection Attention Fusion method. The method consists of three modules, the uni-modal representation,
the connection attention fusion module and the classification module. The uni-modal audio representation Ha and text representation Hl are inputted into
all the interactive connection network, correlative attention network and bimodal attention network. The core connection attention fusion module includes the
interactive connection network (ICN), the bimodal attention network (BAN) and correlative attention network (CAN), with the details depicted in Figs. 3-5,
respectively.

correlative attention network (CAN) (see Figs. 3-5). Detailed
explanations of these components are provided in the follow-
ing subsections.

1) Interactive Connection Network: The interactive con-
nection network uses an encoder-decoder architecture to learn
modality connections between audio and text (see Fig. 3).
Both the encoder and decoder consist of three fully con-
nected layers, with each layer applying a linear transformation
followed by a non-linear ReLU activation function. In the
encoder, the fully connected layers progressively reduce the
dimensionality of the input uni-modal representation Hm,
extracting important features and compressing them into a
fixed-size latent vector em. This process of hierarchical di-
mensionality reduction enables the encoder to capture the
essential characteristics of the input modality while filtering
out irrelevant or redundant information.

The decoder, which also consists of three fully connected
layers, reverses this process by gradually increasing the dimen-
sionality of the latent vector em. It reconstructs the original
uni-modal representation dm using the latent features as a
guide. Each layer in the decoder applies a linear transformation
and ReLU activation function to ensure that the reconstructed
output closely resembles the original input. This encoder-
decoder architecture effectively enables feature compression
and reconstruction, facilitating the robust learning of modality
connections.

This symmetric encoder-decoder architecture facilitates ef-
ficient feature extraction, compression, and reconstruction. By
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Fig. 3. Update scheme of the interactive connection network (ICN).

designing the encoder to focus on compact and meaningful
representations and the decoder to restore the input features
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accurately, the network ensures that modality-specific infor-
mation is preserved while enabling cross-modality learning.

The interactive connection network adopts an architecture
comprising stacked fully connected layers followed by a
dropout layer in both the encoder and decoder (see Fig. 3).
For each modality m ∈ {a, l}, a simple encoder-decoder is
formulated as:

em = Em(Hm, θem) (1)

dm = Dm(em, θdm) (2)

where Em(·) denotes the encoder function for modality m,
with θem as its trainable parameters, and Dm(·) represents the
decoder function for modality m, with θdm as its trainable
parameters. The dimensions of Hm and dm are both 1024.
The dimension of em is 512.

The objective function models the learning problem using
the self-supervised spirit. We design the connection loss func-
tion to maximize modality connections between audio and text.
It is defined as follows:

Lc =
(
∥Ha − da∥2

F + ∥Hl − dl∥2
F + µ

(
∥Ie − e

⊤
a el∥2

F − ∥Id − d
⊤
a dl∥2

F

))
(3)

where ∥ · ∥2F is the squared Frobenius norm, which calculates
the sum of squared elements in a matrix. Ie and Il represent
the identity matrix, and µ is a non-negative hyperparameter
that controls the balance between terms.

The first term of the objective function, ∥Ha − da∥2F +
∥Hl − dl∥2F , measures the reconstruction error between the
original input representations and their reconstructed outputs
for both the audio (Ha, da) and text (Hl, dl) modalities. By
minimizing this term, the model ensures that the decoder
can accurately reconstruct the original input representations,
preserving the modality-specific information unique to each
modality. This encourages the encoder-decoder mechanism to
retain the essential features of each modality while discarding
irrelevant or redundant information. As a result, the model
achieves high-quality reconstruction for both modalities, which
is critical for ensuring robust performance in downstream
tasks.

The second term, ∥Ie−e⊤a el∥2F −∥Id−d⊤a dl∥2F , focuses on
learning meaningful connectionsbetween audio and text. The
first component, ∥Ie−e⊤a el∥2F , aligns the latent representations
(ea, el) in the feature space, ensuring strong modality con-
nections during the encoding process. The second component,
∥Id−d⊤a dl∥2F , maintains these connections in the reconstructed
space by aligning the outputs (da, dl). Together, these terms
promote consistency between the latent and reconstructed
spaces, enabling the model to capture robust cross-modal rela-
tionships. This ensures that the learned modality connections
are both meaningful and preserved across all stages of the
network.

2) Bimodal Attention Network: The bimodal attention net-
work introduces self-attention and cross-attention mechanisms
to learn intra- and inter-modal interactions between audio and
text. Fig. 5 illustrates the architecture of the bimodal attention
network. The input to this network consists of queries, keys,
and values. The dot product of the query and each key is

computed, and a softmax function is applied to generate
weights for the values [52]. The bimodal attention network
comprises stacked self-attention and cross-attention layers,
along with feed-forward layers.

The core idea of this module is to learn intra- and inter-
modal interactions between audio and text, then propagate
information from both modality-specific patterns and modal-
ity associations based on the attention weights. Technically,
the self-attention layer aims to learn intra-modal interactions
within each modality, such as audio or text. The query, key,
and value are derived from the same modality. Given weight
matrices WQ

m , WK
m , and WV

m , the modality representation Hm

is projected into the query matrix (Qm), key matrix (Km),
and value matrix (Vm) through linear projections without bias.
The self-attention representation can then be summarized as
follows:

ζHm = softmax
(
QmKT

m√
dk

)
Vm (4)

where ζHm represents the self-attention representation with
a dimensionality of 1024. dk represents the dimension of the
key vector.

To further enhance the representation capacity, the self-
attention representation is passed through a LayerNorm layer
followed by an AddNorm layer to obtain the enhanced self-
attention representation.

Hs
m = LayerNorm(Hm ⊕ ζHm) (5)

hs
m = AddNorm(Hs

m ⊕ FeedForward(Hs
m)) (6)

where hs
a and hs

l represent the enhanced self-attention repre-
sentations for audio and text, respectively. The dimensions of
hs
a and hs

l are both 1024.
Parallel to the self-attention layer, the cross-attention layer

captures inter-modal interactions between audio and text. It
learns associations between the two modalities and propa-
gates information from one modality to the other based on
these associations. Specifically, the cross-attention mechanism
follows a similar principle to the self-attention mechanism,
with the key difference being that the query, key, and value
are derived from different modalities. The enhanced cross-
attention representation is summarized as follows:

ζHl−a = softmax
(
QlK

T
a√

dk

)
Va (7)

Hc
a = LayerNorm(Ha ⊕ ζHl−a) (8)

hc
a = AddNorm(Hc

a ⊕ FeedForward(Hc
a)) (9)

ζHa−l = softmax
(
QaK

T
l√

dk

)
Vl (10)

Hc
l = LayerNorm(Hl ⊕ ζHa−l) (11)

hc
l = AddNorm(Hc

l ⊕ FeedForward(Hc
l )) (12)

This article has been accepted for publication in IEEE Transactions on Multimedia. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TMM.2026.3699027

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Queen Mary University of London. Downloaded on June 15,2026 at 13:33:37 UTC from IEEE Xplore.  Restrictions apply. 



6

Hl Ha

Layer
Norm

Self
Attention

Cross
Attention

Layer
Norm

Ql Kl Vl Vl Kl Qa

Layer
Norm

Layer
Norm Layer

NormLayer
Norm

Layer
NormLayer
Norm

Ha Hl

Self
Attention

Cross
Attention

Qa Ka Va Va Ka Ql

ζHl - a 

Feed
Forward

Layer
Norm

Layer
Norm

ζHa

Feed
Forward

Layer
Norm

Layer
Norm

ζHl

Feed
Forward

Layer
Norm

Layer
Norm

ζHa - l 

Feed
Forward

Layer
Norm

Layer
Norm

ahs
ahc

lhs
lhc

aHs
aHc

lHs
l

Hc

Layer
NormLayer
Norm

Layer
NormLayer
Norm

Fig. 4. Update scheme of the bimodal attention network (BAN).

where ζHa−l and ζHl−a represent the propagated information
from audio to text and from text to audio, respectively, both
with dimensions of 1024. The variables hc

a and hc
l denote the

enhanced cross-attention representations for audio and text,
respectively, and their dimensions are also both 1024. dk
represents the dimension of the key vector.

3) Correlative Attention Network: The correlative atten-
tion network is designed to enhance sentiment analysis by
explicitly modeling the relationships between uni-modal and
bimodal representations. It takes as input the latent uni-modal
representations from the interactive correlation network and
correlates them with the bimodal representation to capture
both intra-modal and inter-modal dependencies. This network
is crucial for bridging the gap between individual modality
features and their combined representation, ensuring that the
interactions between modalities are accurately captured.

The correlative attention network comprises two submod-
ules: the joint attention network and the bimodal correlation
evaluation network (see Fig. 5). The joint attention network
integrates the uni-modal latent features from the audio and text
modalities to produce a comprehensive bimodal representation,
allowing the model to focus on the most salient features from
each modality. Meanwhile, the bimodal correlation evaluation
network assesses the correlations between these modalities by
quantifying their interdependencies, offering a deeper under-
standing of how features from one modality influence those
of the other.

By incorporating the correlative attention network, the
model achieves a more robust and nuanced representation
of the input data, improving its ability to analyze sentiment
effectively. This approach ensures that the unique contributions
of each modality are not only preserved but also synergistically
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Fig. 5. Update scheme of the correlative attention network (CAN) consisting
of the joint attention network and the bimodal correlation evaluation network.

leveraged to enhance overall performance.
Joint Attention Network: The joint attention network aims

to enhance the cross-modal relationship between audio and
text by reducing noise and highlighting meaningful interac-
tions. This is achieved using a pair of softmax functions, which
help focus on the most relevant features from both modalities
while suppressing less informative or noisy elements. The
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network effectively refines the cross-modal representation,
enabling the model to better capture salient patterns for
downstream tasks such as sentiment analysis.

The attention mechanism operates by mapping query, key,
and value vectors to outputs. Specifically, it computes attention
scores using query and key vectors and applies these scores
to calculate a weighted sum of the value vectors. Given the
uni-modal representations Hm, the joint attention network first
projects these representations into query, key, and value vectors
(Qj

a, Q
j
l ,K

j
a,K

j
l , V

j
a , V

j
l ) as follows:

Qj
m = hs

mWQj

m , Kj
m = hs

mWKj

m , V j
m = hs

mWV j

m (13)

The joint attention network computes the joint bimodal
representation using the following equation:

h
∗
=

(
softmax

(
Qj

aK
j⊤
a + Qj

l
Kj⊤

l√
dk

)
− λ softmax

(
Qj

aK
j⊤
l√

dk

))
V

j

(14)

where h∗ denotes the joint bimodal representation with a
dimension of 1024. λ is a learnable scalar that adjusts the
weight of the second term, which represents cross-modal
attention. V j represents the average of the value vectors V j

a

and V j
l , encapsulating information from both modalities. dk

represents the dimension of the key vector.
The use of a pair of softmax functions serves a dual purpose.

The first softmax term emphasizes intra-modal relationships
by combining attention scores from the query and key vectors
within each modality. This term ensures that strong intra-
modal signals are preserved. The second softmax term focuses
on cross-modal relationships, computing the attention scores
between the query of one modality and the key of the
other. By subtracting the cross-modal scores (weighted by λ),
the network suppresses noisy or irrelevant interactions while
retaining meaningful cross-modal dependencies. This design
improves the robustness of the joint attention mechanism and
enhances the overall representation quality for tasks requiring
fine-grained cross-modal understanding.

Bimodal Correlation Evaluation: The latent uni-modal
representations from the interactive correlation network (ea
for audio and el for text), along with the joint bimodal
representation from the joint attention network (h∗), are input
into the bimodal correlation evaluation network to assess the
correlations between audio and text. Inspired by CLIP [57],
cosine similarity is employed to measure the correlations
between different modalities, resulting in the pairwise cross-
modal correlation coefficients, cora−m and corl−m (see Fig.
4). The joint multi-modal representation h∗ is passed through
a linear layer, reducing its dimension to 512, resulting in hb,
which serves as the fused representation used for bimodal
correlation evalution.

cora−b =
〈
ea, h

b
〉
, corl−b =

〈
el, h

b
〉

(15)

where ⟨·⟩ denotes cosine similarity, and cora−b and corl−b

represent the correlation coefficients for the audio-bimodal and
text-bimodal pairs, respectively.

The pairwise cross-modal correlation coefficients are sub-
sequently integrated into the enhanced self-attention represen-
tations (hs

a for audio and hs
l for text) to produce correlative

representations. This process ensures that the resulting rep-
resentations fully capture inter-modal interactions by utilizing
the correlation information to strengthen the interplay between
modalities. Through this integration, the model becomes better
equipped to align and fuse audio and text features effectively,
thereby facilitating a more comprehensive understanding of
cross-modal relationships, as described below:

h∗
a = hs

a × cora−b, h∗
l = hs

l × corl−b (16)

where h∗
a and h∗

l denote the correlative uni-modal repre-
sentations, enhanced by their respective modality correlation
coefficients. These coefficients represent the weighted impor-
tance of one modality’s features in the context of the other,
effectively capturing the interdependence between modalities.
The dimensions of both h∗

a and h∗
l are 512.

Finally, hc
a, hc

l , h∗
a, and h∗

l are concatenated to form
the aggregated bimodal representation, which is then passed
through four fully connected layers for classification.

h∗
m = hc

a ⊕ hc
l ⊕ h∗

a ⊕ h∗
l (17)

where h∗
m represents the aggregated bimodal representation

with a dimension of 3072.

C. Classification

The overall optimization objective consists of the connec-
tion loss Lc, the audio loss La, the text loss Ll, and the
bimodal loss Lm. Specifically, the audio loss, the text loss,
and the bimodal loss are processed independently to generate
predictions, which are then combined to make a final decision.

D. Training

For the classification task, the audio loss, the text loss, and
the bimodal loss are defined as the standard cross-entropy
loss. Finally, the overall loss function is expressed as a linear
combination of Lc, La, Ll, and Lm:

L = αLc + β(La + Ll) + Lm (18)

where α, and β are weighting factors that balance the contri-
bution of each loss term.

• The audio loss La is used to capture distinctive audio
information for emotion prediction:

ŷca = softmax(W a
e h

s
a + bae) (19)

La = −
C∑

c=1

yca log(ŷ
c
a) (20)

where the parameters W a
e and bae are learnable weights

and biases. c represents the emotion categories, and ŷca
and yca denote the predicted and true labels, respectively.

• The text loss Ll is used to capture distinctive textual
information for emotion prediction:

ŷcl = softmax(W l
eh

s
l + ble) (21)

Ll = −
C∑

c=1

ycl log(ŷ
c
l ) (22)
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where the parameters W l
e and ble are learnable weights

and biases. c represents the emotion categories, and ŷcl
and ycl denote the predicted and true labels, respectively.

• The bimodal loss Lm is used to capture interactions
between modalities for emotion prediction:

ŷcm = softmax(Wm
e h∗

m + bme ) (23)

Lm = −
C∑

c=1

ycm log(ŷcm) (24)

where the parameters Wm
e and bme are learnable weights

and biases. c represents the emotion categories, and ŷcm
and ycm denote the predicted and true labels, respectively.

E. Differences between Our Work and Existing Work

Our work distinguishes itself from existing approaches
through the design of noise-filtering techniques aimed at
improving bimodal emotion recognition.

1) Reconstruction-based Methods: Traditional reconstruc-
tion filters, such as SMIN [54], incorporate both intra-modal
and cross-modal reconstruction. However, the cross-modal
reconstruction in SMIN remains an implicit interaction mech-
anism that focuses on reconstructing the target modality rather
than explicitly aligning the two modalities in the latent space.
Consequently, it cannot ensure consistency between modalities
or balance their respective contributions, which makes the
model more vulnerable to dominant-modality bias, noise, and
modality conflicts. In contrast, our method (ICN) introduces
an additional connection loss, on top of the reconstruction loss,
to explicitly align and balance the two modalities. This design
leads to better integration and more stable performance.

2) Gating-Based Methods: Bimodal gating aims to dy-
namically adjust the contribution of each modality based
on their interaction. Prior work has explored a range of
gating mechanisms, including both scalar-based and context-
based gates [48], [49], [50]. However, existing bimodal gating
methods determine the gate values through implicitly learned
dominance. This dominance is not derived from explicit cross-
modal indicators; rather, it emerges from the network’s internal
preference formed during training. Consequently, such implicit
dominance often leads the model to over-rely on the stronger
modality and makes it vulnerable to noise or conflicting
modalities, ultimately resulting in suboptimal or unstable
fusion decisions. In contrast, our method (BAN) explicitly
computes cross-modal correlation (cora−b, corl−b) and uses
it to guide the gating process. This explicit correlation-aware
gating effectively prevents dominant-modality bias, better cap-
tures cross-modal consistency, and improves robustness under
noisy or inconsistent multimodal conditions.

3) Attention-Based Methods: Attention mechanisms, such
as those used in MulT [19], typically emphasize cross-modal
interactions but often overlook intra-modal structures, thereby
lacking an explicit balance between intra- and inter-modal
signals. In contrast, our method (CAN) introduces a dedicated
module for explicit and structured modeling of both intra-
and inter-modal dependencies. This design helps preserve

TABLE I
STATISTICS OF TWO BENCHMARK DATASETS: MELD AND IEMOCAP

Dataset # Conversations # Utterances
Train/Validation Test Train/Validation Test

MELD [26] 1,153 280 11,098 2,610
IEMOCAP [58] 120 31 5,810 1,623

modality-internal structure, improves the reliability of cross-
modal fusion, avoids dominant-modality bias, and enhances
robustness to noise.

Our ablation study in Sec. V-B verifies the improved perfor-
mance achieved by each of our proposed modules (ICN, BAN,
and CAN) over their corresponding counterparts. Moreover,
unlike prior approaches that rely on a single noise-filtering
paradigm, our BCAF framework not only enhances each
individual paradigm but also integrates them into a unified
architecture to achieve more robust and reliable emotion recog-
nition. The ablation results further validate the effectiveness of
combining these paradigms within our unified framework.

IV. EXPERIMENTS

A. Database and Metrics
We evaluated our proposed BCAF method on the two

benchmark datasets: MELD [26] and IEMOCAP [58]. Both
these two commonly used public datasets are multi-modal,
containing audio, text and video modality for every utterance.
Due to the natural imbalance across various emotions, we
choose weighted average F1-score as the evaluation metric.
Table I shows the distribution of train and validation and test
samples for both two datasets.

• MELD is a multi-modal and multi-party dataset for
conversational emotion recognition [26]. It consists of
13,708 utterances in 1,433 dialogues collecting from the
Friends TV shows. Each utterance is labeled with one in
seven emotions: anger, joy, sadness, neutral, disgust, fear
and surprise.

• IEMOCAP contains videos of dyadic conversations of ten
speakers, spanning 12.46 hours [58]. Each utterance is
annotated using the following discrete categories: happy,
sad, neutral, angry, excited, and frustrated.

Given the inherent imbalance across different emotion
classes, we used the weighted F1-score as our primary eval-
uation metric. The weighted F1-score calculates the F1-score
for each class and applies weights based on the proportion
of samples in each class. This approach ensures that the
evaluation metric reflects the contribution of each class to the
overall performance, addressing the impact of class imbalance
effectively.

B. Baseline and State-of-the-Art Methods
To comprehensively evaluate the performance of the pro-

posed method, we compared our results with those of the
bidirectional LSTM (bc-LSTM) baseline [26]. This baseline
system leveraged an utterance-level LSTM to model context-
aware representations from surrounding utterances. Addition-
ally, we compared the proposed BCAF method to various
existing state-of-the-art methods:
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Fig. 6. Overall performance comparison between the BCAF method, the state-of-the-art methods, and the baselines. The bare system configuration excludes
the ICN, BAN, and CAN modules.

• M2FNet [16] employed a multi-head attention-based fu-
sion mechanism to combine emotion-rich latent represen-
tations of emotion-relevant features from visual, audio,
and text modalities, learning both intra- and inter-modal
relationships.

• HCAM [32] used a combination of recurrent and co-
attention neural network to capture intra- and inter-modal
interactions for emotion classification.

• CFN-ESA [33] incorporated a cross-modal fusion net-
work with emotion-shift awareness for dialogue emotion
recognition.

• TelME [34] used cross-modal knowledge transfer, using
a language model (as the teacher) to enhance non-verbal
modalities (as the student), thereby optimizing the per-
formance of weaker modalities.

• MTAF [59] proposed a multimodal transformer aug-
mented fusion approach that integrated both feature-
level and model-level fusion. It employed cross-modal
transformer encoders to capture fine-grained interactions
between audio and text modalities, significantly enhanc-
ing the accuracy of speech emotion recognition.

• MDAT [60] constructed a Multimodal Dual Attention
Transformer that integrated graph attention and co-
attention mechanisms to capture complex dependencies
between audio and text modalities, enhancing cross-
language speech emotion recognition performance.

• Mamba [35] designed a multi-modal fusion strategy
based on probability guidance to maximize information
consistency across modalities and capture intra- and inter-
modal interactions for conversational emotion recogni-
tion.

• AGF-IB [36] introduced graph contrastive representation
learning to capture intra- and inter-modal complementary
semantic information, as well as intra-class and inter-class

boundary information for emotion categories.
• BiMER [61] introduced a bimodal emotion recognition

system that leveraged data augmentation techniques to
improve the robustness and generalization of emotion
recognition models using audio and text inputs.

• CAT [62] presented Coordination Attention-based Trans-
formers with a bidirectional contrastive loss, aiming to
align and fuse audio and text features effectively for
improved multimodal speech emotion recognition.

C. Model Configuration

We implemented our proposed BCAF method using the
PyTorch 1.11.0 framework. The model was trained with the
Adam optimizer with an initial learning rate of 1e-4 and
an early-stopping strategy with a patience of 15 epochs. To
aid convergence and improve generalization, we applied L2

regularization with a weight of 0.0001 and used dropout with
a rate of p = 0.3 to mitigate overfitting.

V. RESULTS AND DISCUSSION

We start by conducting comparative experiments against
previous state-of-the-art baselines. Next, we ablate core mod-
ule to verify the effectiveness of our proposed BCAF method.
Following that, we emphasize the importance of bimodal
attention network and qualitative analysis. Finally, we conduct
case studies and error analysis.

A. Comparison with State-of-the-art Methods

We evaluate our proposed BCAF model on the MELD and
IEMOCAP datasets, comparing it to a range of state-of-the-
art methods. As shown in Table III, BCAF outperforms all
baseline methods in terms of weighted F1-score, achieving
68.93% on MELD and 74.69% on IEMOCAP. Specifically,
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TABLE II
PERFORMANCE COMPARISON ON MELD AND IEMOCAP DATASETS.

BOLD VALUES INDICATE THE BEST PERFORMANCE ON EACH DATASET.

Method MELD IEMOCAP

bc-LSTM [26] 59.25 60.59
M2FNet [16] 64.32 67.47
HCAM [32] 65.78 70.56
CFN-ESA [33] 65.23 69.80
MTAF [59] 63.98 67.32
MDTA [60] 65.19 70.03
TelME [34] 64.29 69.76
Mamba [35] 65.56 70.58
AGF-IB [36] 63.82 68.36
BiMER [61] 64.65 67.89
CAT [62] 64.79 68.51
Our proposed BCAF 68.93 74.69

BCAF achieves a 3.15% improvement over HCAM [32]
on MELD and a 4.11% improvement over Mamba [35] on
IEMOCAP.

We compare BCAF against recent fusion-based models, in-
cluding MTAF [59], MDTA [60], BiMER [61], and CAT [62],
which employ advanced fusion techniques such as transformer
augmentation, dual-attention, and contrastive objectives. While
these models show promising performance, their weighted F1-
scores are notably lower than BCAF’s, with BiMER [61]
and CAT [62] achieving 64.65% and 64.79% on MELD,
respectively, which are 4.28% and 4.14% lower than BCAF.

BCAF also outperforms earlier contextual and transformer-
based models, such as bc-LSTM [26], M2FNet [16], and
TelME [34]. The performance improvements can be attributed
to BCAF’s ability to explicitly model modality-specific fea-
tures, intra-modal structures, and cross-modal correlations in
a coordinated and hierarchical manner, rather than relying on
implicit fusion or late integration.

Interestingly, BCAF yields more significant improvements
on IEMOCAP compared to MELD. This may be due to
the difference in dialogue structure and noise levels between
the datasets. MELD contains shorter dialogues and more
background noise (e.g., honking or crowd chatter), which may
hinder the model’s ability to capture long-range emotional
dependencies. In contrast, IEMOCAP features longer, cleaner
recordings, making it easier for the model to capture subtle
emotions. Additionally, rare emotion classes like fear and
disgust are often underrepresented and more prone to mis-
classification in noisy environments, affecting MELD results.

Overall, the experimental results and ablation studies con-
firm the robustness and generalizability of BCAF, setting
a new standard for emotion and intention recognition in
conversational contexts.

B. Ablation Study

To validate the effectiveness of the proposed BCAF frame-
work, we conducted a comprehensive ablation study by ana-
lyzing the performance gains brought by progressively adding
its three core components: the Interactive Connection Network
(ICN), the Bimodal Attention Network (BAN), and the Cor-
relative Attention Network (CAN). This cumulative approach
allows us to examine not only the individual contributions of

TABLE III
ABLATION STUDY ON THE MELD AND IEMOCAP DATASETS. BOLD

VALUES INDICATE THE BEST PERFORMANCE ON EACH DATASET.

Method MELD IEMOCAP

Bare system 59.76 63.89
Bare + ICN (Reconstruction) 61.91 65.32
Bare + BAN (Gating) 62.00 66.73
Bare + CAN (Attention) 62.90 67.41
Bare + ICN + BAN 63.69 68.01
Bare + ICN + CAN 64.83 69.57
Bare + BAN + CAN 66.12 71.86
Our proposed BCAF 68.93 74.69

Bare system + SMIN (Reconstruction) 60.65 64.96
Bare system + scalar gating (Gating) 60.23 64.58
Bare system + MulT (Attention) 61.75 65.01

each module but also the synergistic effects when combining
them. As shown in Fig. 6 and Table III, we designed three
categories of experiments: starting from a baseline model
with all three modules removed, incrementally adding each
module one at a time to evaluate its impact, and evaluating
combinations of two or more modules.

The bare system, excluding the ICN, BAN, and CAN mod-
ules, achieves a weighted F1-score of 59.76% on the MELD
dataset and 63.89% on IEMOCAP, establishing a performance
lower bound. In contrast, the complete BCAF model, which
integrates all three modules, attains weighted F1-scores of
68.93% on MELD and 74.69% on IEMOCAP—representing
absolute improvements of 9.17% and 10.80%, respectively.
These results highlight the overall effectiveness of our archi-
tectural design.

1) Effect of Adding the Interactive Connection Network:
We first examined the effect of adding the ICN to the baseline
model. This module was designed to leverage an encoder-
decoder architecture to learn modality-specific features and
capture modality connections between audio and text.

Adding ICN alone led to a performance improvement to
61.91% on MELD and 65.32% on IEMOCAP, reflecting
absolute gains of 2.15% and 1.43%, respectively, over the
baseline. In ICN, each modality is processed independently
via an encoder-decoder pathway, which transforms the raw
input into a latent representation while preserving modality-
specific information, such as prosodic variations in speech or
syntactic emotional cues in text. The decoder reconstructs the
input, ensuring that key structural and emotional features are
retained.

Crucially, a connection loss is introduced to regularize the
training process by encouraging shared representations be-
tween modalities, facilitating inter-modal alignment. Previous
works [33], [36], [54] often treated each modality in isolation,
whereas ICN provides a foundation for synergistic modeling
by promoting semantic complementation.

2) Effect of Adding the Bimodal Attention Network: We
then evaluated the effect of the BAN, which was designed to
leverage dynamic attention weights to learn intra- and inter-
modal interactions between audio and text. When BAN was
added to the baseline model, the performance improved to
62.00% on MELD and 66.73% on IEMOCAP, corresponding
to gains of 2.24% and 2.84%, respectively.
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BAN applies both self-attention and cross-attention mech-
anisms to uni-modal representations, facilitating interaction
within and between modalities. These dynamic attention
weights selectively emphasize emotion-relevant signals while
suppressing noise, enabling the model to build a more ex-
pressive bimodal representation. By capturing long-range de-
pendencies and fusing information across modalities, BAN
significantly improves emotion recognition.

BAN enables the model to leverage heterogeneous knowl-
edge from each modality in a high-dimensional space, adap-
tively capturing complementary content and enhancing cross-
modal correlation. This ability to focus on salient interactions
is essential for accurate emotion classification.

3) Effect of Adding the Correlative Attention Network:
The CAN contributes the largest standalone gain among all
modules. Adding CAN to the baseline improves performance
to 62.90% on MELD and 67.41% on IEMOCAP, yielding
gains of 3.14% and 3.52%, respectively.

CAN is designed to filter out spurious or noisy cross-modal
relationships while enhancing the reliable inter-correlations
between uni-modal and bimodal representations. In contrast,
CAN simultaneously considers both self- and cross-modal
information. It utilizes a joint attention mechanism that in-
corporates both self- and cross-modal attention scores through
paired softmax operations. This approach enables the model
to refine incorrect correlations and dynamically balance the
contribution of each modality.

The performance gains achieved by CAN indicate its im-
portance in the final stages of feature integration, where high-
quality fusion and representation refinement are critical.

4) Effect of Combining Modules: To further investigate
the interplay between components of the BCAF framework,
we conducted a series of experiments where modules were
incrementally combined in pairs, as well as in full integra-
tion. The primary objective was to determine whether the
joint contribution of two modules leads to a super-additive
performance gain—i.e., whether their combination yields a
larger improvement than the arithmetic sum of their individual
contributions.

ICN + BAN: Integrating both ICN and BAN led to a
performance of 63.69% on MELD and 68.01% on IEMOCAP,
corresponding to absolute gains of 3.93% and 4.12% over the
baseline. These values are slightly below the expected additive
sums (4.39% on MELD, 4.27% on IEMOCAP), suggesting
mild overlap in their functionalities. While ICN and BAN both
improve feature learning and alignment, their integration still
provides meaningful improvements.

ICN + CAN: When ICN and CAN were combined, the
model achieved 64.83% on MELD and 69.57% on IEMOCAP,
representing gains of 5.07% and 5.68%, respectively. These
fall slightly short of the additive expectations (5.29% on
MELD, on IEMOCAP), indicating good complementarity but
not strictly synergistic effects.

BAN + CAN: This module pair demonstrates the strongest
synergy. The model achieved 66.12% on MELD and 71.86%
on IEMOCAP, equating to gains of 6.36% and 7.97%, respec-
tively. These improvements are very close to or slightly above
the additive sums (5.38% on MELD, 6.36% on IEMOCAP),

suggesting that BAN and CAN reinforce each other effectively.
BAN provides dynamic alignment, while CAN fine-tunes
cross-modal representations via attention calibration.

All Three Modules (Full BCAF): Integrating the ICN,
BAN, and CAN modules yields the highest performance,
achieving weighted F1-scores of 68.93% on MELD and
74.69% on IEMOCAP. These results validate the effective-
ness of the full architecture, which benefits from the com-
plementary strengths and collaborative learning among the
three components. Each module serves a distinct purpose:
ICN captures modality-specific representations, BAN enables
dynamic cross-modal alignment, and CAN performs high-level
filtering and refinement to enhance the final predictions. Their
combined operation allows the model to extract, integrate, and
optimize multimodal information in a progressively structured
manner, from low-level feature encoding to high-level seman-
tic alignment.

Overall, our ablation results lead to two key conclusions.
First, each module contributes significantly to model perfor-
mance when added independently, with CAN contributing the
most due to its powerful correlation-aware refinement capabili-
ties. Second, combinations of modules tend to show synergistic
behavior, especially the BAN+CAN pair, which exhibits the
strongest interaction effect. This synergy reflects the natural
pipeline design of the BCAF framework, where BAN enhances
joint representations and CAN further calibrates them based
on inter-modal relationships. The full integration of ICN,
BAN, and CAN forms a coherent and mutually reinforcing
architecture that enables robust and generalizable bimodal
speech emotion recognition across datasets.

5) Comparison on Individual Noise Filtering scheme:
We further compared our individual noise-filtering scheme
with existing gating- (scalar-based [47]), reconstruction-
(SMIN [54]), and attention- (MulT [19]) based approaches
by incorporating them into the bare system. The results in the
second part of Table III show that while traditional modules
such as SMIN reconstruction, gating, and MulT attention can
also improve the performance of the bare system, their gains
are smaller than those achieved by our noise-filtering scheme.
Specifically, for reconstruction-based approaches, Bare + ICN
achieves 61.91% on MELD and 65.32% on IEMOCAP, which
is +1.26% and +0.36% higher than Bare + SMIN, respectively.
For gating-based approaches, Bare + BAN reaches 62.00% on
MELD and 66.73% on IEMOCAP, outperforming Bare + Gate
by +1.77% and +2.15%. For attention-based approaches, Bare
+ CAN obtains 62.90% on MELD and 67.41% on IEMOCAP,
surpassing Bare + MulT by +1.15% and +2.40%. These
results demonstrate that our proposed modules consistently
outperform their traditional counterparts across both datasets.

C. Impact of Attention

The bimodal correlation evaluation explicitly measured sim-
ilarity by incorporating correlation coefficients into the uni-
modal representations. This process aligned the uni-modal
features with the joint bimodal space, enhancing the model’s
ability to capture and leverage complementary information
across modalities for more accurate emotion recognition.
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Fig. 7. Update scheme of different attention mechanisms.

TABLE IV
IMPACT OF DIFFERENT ATTENTION MECHANISMS ON THE BCAF MODEL (BOLD FONTS SHOWS BAN ACHIEVES THE BEST F1 SCORE).

Attention Equation w/o Number of Layers

MELD IEMOCAP MELD IEMOCAP

BAN softmax
(

QaK
⊤
a√

d

)
Va + softmax

(
QaK

⊤
l√

d

)
Va + softmax

(
QlK

⊤
l√

d

)
Vl + softmax

(
QaK

⊤
l√

d

)
Vl 64.83 69.57 5 3

JAN
(

softmax
(

QaK
⊤
a +QlK

⊤
l√

d

)
− λ softmax

(
QaK

⊤
l√

d

))
V 66.08 71.35 3 4

BAN-SA softmax
(

QaK
⊤
l√

d

)
Va 67.21 72.16 7 5

BAN-CA softmax
(

QaK
⊤
a√

d

)
Va 67.52 73.01 7 6

In this section, we examined the impact of different attention
variants (see Fig. 7). For each modality, self-attention and
cross-attention mechanisms were employed to capture intra-
and inter-modal interactions between audio and text. To eval-
uate the effectiveness of the proposed attention mechanism in
modeling these interactions, we implemented four comparison
systems. The experimental results are presented in Fig. 6 and
Table III.

• Bimodal Attention Network (BAN): This network em-
ployed separate softmax functions to independently apply
self-attention and cross-attention weights, enabling dis-
tinct modeling of intra- and inter-modal interactions (see
Fig. 7 (a)).

• Joint Attention Network (JAN): This network utilized

a combined pair of softmax functions to simultaneously
apply both self-attention and cross-attention weights, al-
lowing for integrated modeling of intra- and inter-modal
interactions (see Fig. 7 (b)).

• Bimodal Attention Network - Self-Attention (BAN-
SA): This variant used only self-attention, omitting the
cross-attention mechanism to focus solely on intra-modal
interaction modeling (see Fig. 7 (c)).

• Bimodal Attention Network - Cross-Attention (BAN-
CA): This variant used only cross-attention, omitting the
self-attention mechanism to concentrate exclusively on
inter-modal interaction modeling (see Fig. 7 (d)).

We observed that the BAN achieved the best performance
on both the MELD and IEMOCAP datasets. As shown in
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Fig. 6 and Table IV, the inclusion of the BAN contributed
to a performance improvement of 3.6% on the MELD dataset
and 6.6% on the IEMOCAP dataset compared to the baseline
model without BAN. This comparison highlights the effective-
ness of BAN in leveraging both intra-modal and inter-modal
interactions between audio and text.

Additionally, the decline in performance followed a con-
sistent trend: BAN > JAN > BAN-SA > BAN-CA. This
means that removing certain attention mechanisms resulted
in progressively worse performance. Specifically, the absence
of JAN caused a performance decrease of 2.85% on the
MELD dataset and 3.34% on the IEMOCAP dataset. Similarly,
excluding BAN-SA led to a decrease of 1.72% on MELD and
2.53% on IEMOCAP, while removing BAN-CA resulted in
the smallest decline of 1.41% on the MELD and 1.69% on the
IEMOCAP. These results underscore the relative importance
of each attention mechanism in modeling effective intra- and
inter-modal interactions between audio and text.

The bimodal attention network independently enabled com-
plementary processing of intra-modal and inter-modal interac-
tions between audio and text. We argue that intra-modal inter-
actions provided the most essential information for accurate
predictions, as they captured key modality-specific features
directly tied to emotion recognition. Although inter-modal
interactions added valuable complementary insights, core emo-
tional cues were typically best represented within each in-
dividual modality, making intra-modal processing a primary
factor in the model’s effectiveness. Moreover, maintaining
sufficient layers in the BAN was crucial for optimal perfor-
mance. Reducing the number of layers negatively impacted the
model’s ability to process intra- and inter-modal interactions
effectively, thereby degrading overall performance.

D. Case Studies

To illustrate the effectiveness of our proposed BCAF model,
we selected samples from two datasets and conducted exten-
sive experiments comparing BCAF with baseline models. The
results, as shown in Fig. 8, revealed the following insights:

• In most cases, our BCAF model achieved correct predic-
tions, whereas the baseline models failed. This result indi-
cates that BCAF effectively integrates audio information
with the text modality, enhancing bimodal speech emo-
tion recognition. By exploring correlations and intra- and
inter-modal interactions between audio and text, BCAF
provides richer, emotion-relevant insights, enabling the
modalities to complement and augment each other.

• We observed challenges in predicting minor emotions
when speech with significant background noise was intro-
duced into the text modality for prediction. Specifically,
ambiguous expressions, such as the single word “Um”,
were affected by unwanted and uncontrollable noise,
further limiting the model’s ability to comprehend human
emotional expressions.

• Unexpectedly, while our proposed BCAF method out-
performed the baseline models in terms of weighted F1-
score, it performed worse than the state-of-the-art HCAM
model. Upon further analysis, we attributed this to the

emotional cues learned by the graph convolutional net-
work in HCAM, which played a critical role in modeling
and leveraging speaker information to capture intra- and
inter-speaker dependencies for emotion recognition.

E. Error Analysis and Limitations

We present the confusion matrices for the MELD and
IEMOCAP datasets in Fig. 9. As shown, although our BCAF
model achieves significant improvements over previous meth-
ods (as discussed in Section V.A), it still exhibits several
notable limitations, particularly on underrepresented emotional
categories such as disgust, fear, and happiness. We further
analyzed the causes of these errors and limitations from both
data and model structure perspectives.

• Dataset limitations and annotation ambiguity: Similar to
prior studies, our model’s performance is affected by
the subjective nature of emotion perception. In conver-
sational contexts, emotions are often subtle, blended,
or context-dependent. The annotations reflect perceived
emotion rather than speaker intent, making it difficult for
models—even with structured attention—to distinguish
closely related emotions like fear and sadness. This
ambiguity limits the ceiling performance for all models,
including BCAF.

• Class imbalance and sparsity of rare emotions: The
MELD and IEMOCAP datasets exhibit strong label im-
balance, with neutral and negative emotions dominat-
ing. While BCAF introduces attention-guided fusion and
multi-loss supervision, the current architecture does not
include explicit mechanisms for addressing class imbal-
ance (e.g., focal loss or reweighting). This results in
overfitting to dominant emotion categories and underper-
formance on rare classes.

• Limitations in connection modeling via encoder-decoder:
The interactive connection network is based on a symmet-
ric encoder-decoder architecture to compress and recon-
struct modality-specific representations. While effective
in capturing high-level modality alignment, it relies on
fixed fully connected layers, which may limit flexibility
in modeling more nuanced or hierarchical modality in-
teractions. Moreover, the learned modality connections
are global and static across samples, potentially missing
context-specific or local variations.

• Static attention strategy in the bimodal attention net-
work: Although the bimodal attention network effectively
models intra- and inter-modal interactions, its structure
is fixed across all instances, using the same attention
heads and layers regardless of the emotional content
or conversation dynamics. This reduces adaptability to
diverse emotional expressions and limits the model’s
performance in emotionally ambiguous or multi-intent
utterances.

• Modal incompleteness and missing visual signals: BCAF
focuses solely on audio and text modalities. While this
choice simplifies the architecture and aligns with many
real-world scenarios (e.g., voice assistants), it inherently
limits emotion recognition capability. Visual cues such
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Fig. 8. Inputs from bimodal data and predictions using bc-LSTM, HACM, and our proposed BCAF method on the MELD and IEMOCAP datasets are
analyzed in our case study.

as facial expressions and gestures—which are often crit-
ical for disambiguating similar emotions—are excluded,
constraining the model’s representational richness.

• Independent training of uni-modal and bimodal branches:
Our training strategy uses individual losses (La,Ll,Lm)
in addition to the connection loss Lc, which encourages
both modality-specific and fused representations. How-
ever, this independent supervision can lead to inconsistent
optimization goals between branches, and we observe
occasional conflicts where unimodal predictions disagree
strongly with the fused output.

To address these limitations, future work could explore
class-aware sampling or tailored loss functions for imbalanced
emotion categories, enhance the encoder–decoder with recur-
rent or attention layers to capture dynamic dependencies, de-
sign adaptive attention mechanisms sensitive to conversational
context, incorporate visual modalities to enrich emotional
cues, and apply multi-task or consistency-based learning to
better align uni-modal and bimodal objectives.

VI. CONCLUSION

We proposed the Bimodal Connection Attention Fusion
(BCAF) method for efficient and robust bimodal speech emo-
tion recognition. BCAF consists of three key modules: the
interactive connection network, the bimodal attention network,
and the correlative attention network. The interactive connec-
tion network enables the model to learn modality connections

between audio and text. The bimodal attention network fa-
cilitates semantic complementation and optimally leverages
intra- and inter-modal interactions between audio and text.
Finally, the correlative attention network filters noise from
cross-modal relationships and learns inter-correlations between
uni-modal and bimodal representations. Experimental results
demonstrated that BCAF outperforms state-of-the-art methods
in bimodal speech emotion recognition task.
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