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Abstract

The homogeneity and heterogeneity across modalities are
critical factors that influence multimodal fusion. In Multi-
modal Sentiment Analysis (MSA), the inherent textual infor-
mation within the audio modality induces cross-modality ho-
mogeneity with the text modality. Conversely, the mutual in-
dependence between text and vision modalities results in their
cross-modal heterogeneity. Although existing disentangle-
based methods achieve notable performance gains by sepa-
rating modality features into distinct subspaces, they over-
look the characteristics of cross-modality heterogeneity and
homogeneity among different modalities. To this end, we pro-
pose a novel Modality-aware Disentangle and Fusion (MDF)
framework to investigate the role of core modality features.
Specifically, we first use text as the anchor to disentangle the
audio modality and extract its unique modality-specific fea-
tures, thereby establishing cross-modal heterogeneity among
text, audio, and vision. We then introduce a Cross-Modality
Heterogeneity Enhancement (CHE) module to refine these
features, further reinforcing their heterogeneous characteris-
tics. Finally, a Modality Adaptive Weighting (MAW) module
is employed to dynamically assign weights to the text, sound,
and vision modalities based on their potential contributions to
sentiment prediction, achieving a more effective multimodal
representation for MSA. Experimental evaluations on differ-
ent benchmarks demonstrate MDF’s superiority, with exten-
sive ablation studies confirming its effectiveness.

Code — https://github.com/jian-projects/msa-mdf

Introduction

With the prevalence of social networks, individuals are in-
creasingly utilizing various media, such as text, audio, and
vision, to convey their sentiments. As a result, Multimodal
Sentiment Analysis (MSA) has become a prominent re-
search topic in artificial intelligence (Poria et al. 2023),
with significant applications across diverse fields, includ-
ing human-computer interaction (Wadley et al. 2022; Zhou
et al. 2023), intelligent healthcare (Dhuheir et al. 2021),
and beyond. In multimodal representation learning, distinct
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Figure 1: Comparison with previous disentanglement-based
methods. From a human intuition perspective, vision con-
sists of a sequence of images that differ significantly in for-
mat from text and audio, resulting in cross-modal hetero-
geneity. In contrast, audio and text exhibit cross-modal ho-
mogeneity, as audio inherently contains textual information.

media exhibit varying representational formats and often
contain complementary information. When integrated effec-
tively, these diverse modality signals provide a richer and
more comprehensive understanding of human sentiment.
This presents the challenge of efficiently extracting and inte-
grating multimodal information to enhance the performance
of MSA systems.

Most recent MSA methods focus on two aspects (Po-
ria et al. 2023): 1) the exploration of effective feature ex-
traction methods to distill pertinent information from multi-
modal data (Hazarika, Zimmermann, and Poria 2020; Yang
et al. 2022a), thereby enhancing the performance of the fu-
sion process in terms of accuracy, reliability, and computa-
tional efficiency, and 2) the development of robust fusion
strategies that integrate data knowledge from multimodal
sources to maximize the complementary strengths and min-
imize the inherent weaknesses of each modality, including
Tensor-based (Liu et al. 2018; Verma et al. 2020), MLP-
based (Sun et al. 2022; Zhuang et al. 2024; Liu, Luo, and
Fu 2025) and Attention-based (Tsai et al. 2019; Tang et al.
2019; Su et al. 2021; Zong et al. 2023; Feng et al. 2024;
Wang, Ratnavelu, and Shibghatullah 2025) fusion meth-
ods. Recently, researchers have increasingly focused on rep-
resentation learning-oriented approaches, with disentangle-
based methods (Hazarika, Zimmermann, and Poria 2020;
Yang et al. 2022a; Li, Wang, and Cui 2023; Liang et al.



2023a; Zhu et al. 2025) gaining significant attentions for
their abilities to separate modality-invariant and modality-
specific features. This separation helps filter out irrelevant
information, thereby facilitating feature fusion and enhanc-
ing the robustness of generated multimodal representations.
Despite their conceptual clarity and superior performance,
the disentangled modality-invariant and modality-specific
features are abstract and lack interpretability, as they are
understood by machines rather than humans. As shown in
Fig. 1, it remains unclear what the modality-invariant and
modality-specific features represent, or how they contribute
to sentiment prediction. From a human perspective, audio
and vision are distinct because they are perceived through
the sensory organs of hearing and sight, respectively, result-
ing in their cross-modality heterogeneity (Fan et al. 2024).
Text, on the other hand, is an advanced form of language
expression that relies on human linguistic ability and cog-
nitive systems for interpretation and understanding. As is
commonly known, the text is typically extracted from au-
dio by the Automatic Speech Recognition (ASR) (Yu and
Deng 2016) technique, meaning that the audio modality in-
herently contains textual information, leading to the cross-
modality homogeneity with the text modality (Liu, Luo, and
Fu 2025). Therefore, humans can intuitively understand and
interpret the meanings of modality-specific features, while
modality-invariant features remain abstract and impercepti-
ble, limiting the potential of disentangle-based models.
Furthermore, modality fusion is another crucial step in
MSA, as it combines information from multiple sources
to maximize their collective strengths. Traditional fusion
methods (Sun et al. 2022; Zhuang et al. 2024; Liu, Luo,
and Fu 2025) often treat all modalities equally, learning
their interactions implicitly. However, recent studies (Wang
et al. 2023a; Feng et al. 2024) reveal that modalities con-
tribute unequally, with text typically conveying the most
sentiment information and dominating the final prediction,
while vision and audio modalities often serve as comple-
mentary sources. To address this, attention-based methods
have become prevalent (Singh, Abhishek, and Azad 2024),
assigning adaptive weight to each modality to emphasize
the most informative features, thereby enabling more effec-
tive multimodal representations. A representative example
is AcFormer (Zong et al. 2023), which employs the cross-
attention mechanism to compute attention weights based on
inter-modal correlations. However, strong cross-modal het-
erogeneity, particularly between audio and visual modali-
ties, makes it challenging to capture these correlations ac-
curately. Another reasonable approach is to assign modal-
ity weights based on the uncertainty of each modality (Feng
et al. 2024; Wang, Ratnavelu, and Shibghatullah 2025).
However, without label guidance during inference, accu-
rately estimating each modality’s uncertainty becomes diffi-
cult, resulting in a mismatch between training and inference.
To address these challenges, we attempt to propose a
Modality-aware Disentangle and Fusion (MDF) framework
for MSA. Building on the observation that audio and text
modalities exhibit cross-modality homogeneity, while vi-
sion shows cross-modality heterogeneities with text and
audio, MDF first disentangles the audio modality to ex-

31293

tract its unique features (referred to as “sound” for distinc-
tion), creating cross-modality heterogeneities among text,
sound, and vision. This disentangling process is intuitive and
interpretable for humans. Subsequently, a Cross-modality
Heterogeneity Enhancement (CHE) module is introduced
to strengthen these heterogeneities by refining modality-
specific features, enabling them to more accurately reflect
the inherent independence of modalities in real-world sce-
narios. Cross-modal heterogeneities are essential for effec-
tive multimodal fusion, as they highlight the complementary
strengths of modalities. For multimodal fusion, we develop
a Modality Adaptive Weighting (MAW) module that treats
text, sound, and vision as primary colors, blending them
in adaptive proportions to generate rich and dynamic rep-
resentations. Simply put, these proportions are determined
by a weight generator. During training, we estimate modal-
ity confidences and use them as the supervision signals to
train the generator, allowing it to learn modality contribu-
tions and generate appropriate fusion weights, thus ensuring
consistency between training and inference.
In summary, our contributions are fourfold:

We develop MDF, an effective modality disentangle and
fusion framework for MSA. By disentangling the au-
dio modality to extract its unique sound component,
MDF creates cross-modality heterogeneities among text,
sound, and vision, thereby facilitating multimodal fusion.

We introduce the CHE module to reinforce cross-modal
heterogeneities among text, sound, and vision, enhancing
modality-specific features and emphasizing their com-
plementary strengths.

We design the MAW module to leverage the contribution
of each modality as supervision, guiding the weight gen-
erator to learn modality importance and produce effective
fusion weights.

Experiments carried out on two datasets demonstrate the
superiority of MDF. Extensive ablation studies and qual-
itative analyses confirm the effectiveness of MDF’s dis-
entangle process, as well as the weighted fusion process.

Related Work

MSA seeks to utilize information from multiple modalities,
such as text, audio, and vision, to predict sentiment intensity
or polarity. In the literature, mainstream MSA methods are
broadly divided into two categories: representation learning-
oriented approaches (Yu et al. 2021; Mai et al. 2023; Zeng
et al. 2024), which emphasize extracting meaningful uni-
modal and multimodal features to enhance cross-modal in-
teractions, and fusion-oriented approaches (Liu et al. 2018;
Tsai et al. 2019; Zhang et al. 2023; Wang, Ratnavelu, and
Shibghatullah 2025), which focus on designing effective
strategies to combine these multimodal features.

Multimodal Representation Learning

With the rapid advancements in deep learning, particu-
larly in pre-trained models and representation learning tech-
niques, effective multimodal representations of data can be
derived, thereby improving the performance of MSA. For



unimodal representations, Self-MM (Yu et al. 2021) lever-
aged pre-trained models to extract unimodal features and
employed a self-supervised learning approach to obtain in-
formative unimodal embeddings. For multimodal represen-
tations, several studies (Mai et al. 2023; Lin et al. 2022; Fan
et al. 2024) have focused on utilizing contrastive learning
to enhance multimodal interactions by drawing the anchor
and positive samples closer, while pushing away the anchor
and negative samples. Recently, numerous works (Hazarika,
Zimmermann, and Poria 2020; Yang et al. 2022b; Zeng
et al. 2024) proposed to disentangle different modalities into
shared and unique components to improve the robustness of
multimodal representations.

Disentangling learning aims to separate distinct features
across multiple modalities into independent subspaces (Po-
ria et al. 2023; Singh, Abhishek, and Azad 2024), thereby
clarifying the beneficial factors and facilitating effective
multimodal data fusion. In MSA, (Hazarika, Zimmermann,
and Poria 2020; Yang et al. 2022a; Zhu et al. 2025; Liu,
Luo, and Fu 2025) proposed learning modality-invariant and
modality-specific features, while (Yang et al. 2022b) pro-
posed learning modality-specific and modality-agnostic rep-
resentations. Similarly, (Li, Wang, and Cui 2023) decou-
pled each modality into modality-irrelevant and modality-
exclusive components. FactorCL (Liang et al. 2023b) further
decomposed the representations into task-relevant shared
and unique components, and PID (Liang et al. 2023a) ex-
tended this decomposition to encompass unique, redundant,
and synergistic multimodal information.

Previous disentangle-based methods attempt to separate
modality-invariant features, which are shared across modal-
ities, and modality-specific features, which are unique to
each modality. Despite their conceptual clarity, these fea-
tures are understood by machines rather than by humans,
limiting the model’s practical applicability. In contrast, MDF
disentangles the textual component from the audio modal-
ity, preserving the unique sound component specific to au-
dio, and forming cross-modality heterogeneities among text,
sound, and vision. Therefore, MDF is concrete and inter-
pretable, as it clearly emphasizes the unique characteristics
of each modality and explicitly evaluates their contributions.

Multimodal Fusion

Multimodal fusion is central to MSA, as it integrates infor-
mation from diverse modalities, thereby enhancing the ac-
curacy and robustness of sentiment prediction. In the liter-
ature, various fusion methods have been proposed, includ-
ing: Tensor-based methods (Zadeh et al. 2017; Liu et al.
2018; Verma et al. 2020), which represent multimodal data
as multi-dimensional tensors and employ tensor decomposi-
tion techniques to learn unified representations; Translation-
based methods (Pham et al. 2019; Mai, Hu, and Xing 2020;
Wang, Wan, and Wan 2020), which translate data between
modalities (e.g., from text to vision or audio), enabling the
seamless fusion of cross-modal features; Graph-based meth-
ods (Yang et al. 2021; Qian et al. 2023), which model mul-
timodal data as a graph where nodes represent features from
each modality and edges capture inter-modal relationships,
thereby facilitating effective fusion and sentiment inference;
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Figure 2: The Overview of MDF. Three modality signals are
inputted, with the audio features disentangled to achieve its
essential sound part. Subsequently, the text, sound, and vi-
sion are treated as primary colors and combined in varying
proportions to generate rich and dynamic multimodal repre-
sentations for MSA.

MLP-based methods (Sun et al. 2022; Zhuang et al. 2024;
Liu, Luo, and Fu 2025), which employ Multi-Layer Per-
ceptrons (MLPs) to learn the interactions between different
modalities; and Attention-based methods (Gu et al. 2018;
Akhtar et al. 2019; Tsai et al. 2019; Hazarika, Zimmer-
mann, and Poria 2020; Han et al. 2021; Yang et al. 2022a;
Zong et al. 2023; Feng et al. 2024; Wang, Ratnavelu, and
Shibghatullah 2025), which assign dynamic weights to dif-
ferent parts of multimodal data, enabling the model to focus
on the most informative features from each modality.

Vector addition is the simplest and most efficient feature
fusion method (Bengio 2009) in the same dimension space.
The challenge lies in determining the appropriate weights
for modalities, as numerous studies (Feng et al. 2024; Wang,
Ratnavelu, and Shibghatullah 2025) have shown that differ-
ent modalities contribute unequally to the final prediction. In
KuDA (Feng et al. 2024), a dynamic attention fusion module
was introduced to directly assign different weights to differ-
ent modalities based on the uncertainty of unimodal predic-
tions. Conversely, we train a generator to derive modality
weights, supervised by their actual contributions to senti-
ment prediction, enabling the model to perceive and assign
the correct weight to each modality. Features from differ-
ent modalities are treated as primary colors and, after be-
ing weighted by their corresponding contributions, are fused
into rich and dynamic multimodal representations.

Methodology
Model Overview

Generally, MSA can be framed as either a regression task
aimed at predicting sentiment intensity or a classification
task focused on predicting sentiment polarity. Following (Yu
et al. 2021), we approach MSA as a regression task and ad-
ditionally report the corresponding sentiment polarity based
on the predicted sentiment intensity. Fig. 2 provides an
overview of MDF, where text (X;), audio (X,), and vision
(X,) serve as inputs to predict the specific sentiment inten-
sity y € R, forming a sample represented as a quadruple
(Xt Xay Xy y)-



Modality Encoding and Mapping

With the great success of deep learning (Wang et al. 2023b),
we leverage pre-trained models (Vaswani et al. 2017) and
toolkits to extract initial features from raw modality signals.
Specifically, for the text modality, BERT (Devlin et al. 2019)
is employed to encode token embeddings, with the embed-
ding of the [CLS] token, i.e., the first vector from the last
layer, selected as the overall text representation:

he = BERT(X)[0] (1)

where h; € R% denotes the encoded text representation, and
d; is the vector dimension.

Following Self-MM (Yu et al. 2021), existing pre-trained
toolkits can be utilized to extract the initial features from the
audio and vision modalities, denoted as H, € Rla*da gpd
H, € R»*dv respectively. Here, [, and I, represent the
sequence lengths of the audio and vision features, while d,,
and d, denote their vector dimensions. Then, two bidirec-
tional LSTMs are applied separately to capture the temporal
characteristics of these sequential features:

he = BiLSTM,(H,); h, = BiLSTM,(H,)  (2)

where BiLSTM, represents a bidirectional LSTM model that
captures the temporal dependencies of the input sequences.
he € R% and h, € R% denote the returned audio and vi-
sion representations, respectively. Then, these modality fea-
tures are mapped into a unified representation space:

ha = Mapper,(h,); h, = Mapper,(h,) 3)

where Mapper, : R% — R4 and Mapper, : R4 — R
are two MLPs that map different input modality representa-
tions into the text representation space.

Modality Disentangle and Enhancement

From the machine perspective, representations from differ-
ent modalities typically vary in nature because they are en-
coded by distinct pre-trained models, resulting in differences
in knowledge type and content across modalities. From the
human perspective, audio and vision are distinct modalities
perceived through the sensory organs of hearing and sight,
resulting in their inherent cross-modality heterogeneity. In
contrast, audio and text modalities exhibit cross-modality
homogeneity, as the audio modality inherently contains tex-
tual information. Vision can also carry textual informa-
tion, as indicated by text-to-image and image-to-text tech-
niques (Radford et al. 2021). However, their connection is
fragile, as there is no direct one-to-one correspondence be-
tween text and vision, unlike the more straightforward align-
ment between audio and text.

In our work, we attempt to disentangle the audio modality
to isolate its unique characteristics and investigate the influ-
ence of different modalities on MSA, aiming to enhance the
model’s interpretability from a human perspective.

Audio Modality Disentangle As is well known, text is
typically extracted from audio using the ASR technique,
meaning that the audio modality inherently contains tex-
tual information, resulting in cross-modality homogeneity
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between the audio and text modalities. MDF attempts to dis-
entangle the unique characteristics of audio. A straightfor-
ward approach is to subtract text representation from audio
representation, i.e., h, — h;. However, this method worked
based on a strong assumption that both text and audio repre-
sentations come from the same pre-trained model, with the
audio representation containing more information than the
text. Generally, the unified multimodal model can address
the encoding differences between various modalities, but the
abundance of text training data compared to audio data often
leads to text representation outperforming audio representa-
tion. Hence, the aforementioned method, while reasonable,
appears infeasible in our scenario.

In this section, we propose an indirect approach to achieve
our objective. Following FDMER (Yang et al. 2022a), we
utilize an MLP to extract the textual content from the audio
modality representation h:

hy = Extractor(hg) 4)

where Extractor : R% — R% is an MLP employed to sep-
arate the textual component h; from h,. Consequently, the
unique sound component is then obtained by subtracting the
textual component from the audio representation:

ha = ha — hy (5)

Here, we impose constraints on the attributes of the textual
component h; to ensure that the sound component h,, effec-
tively represents the unique characteristics of audio. As pre-
viously noted, the extracted textual component differs from
the actual text representation since they are generated by dif-
ferent encoders. Although we map the audio representation
into the text representation space, a simple MLP may strug-
gle to bridge the information gap between the textual com-
ponent h; separated from the audio and the actual text rep-
resentation h;. However, they should at least share similar
characteristics, i.e., exhibit equal contributions to sentiment
prediction. Hence, an alignment loss is introduced to align
their predicted sentiment intensities:

L, = ||Predictor(h;) — Predictor(hy)||» (6)

where Predictor : R% — R! is an MLP that serves as the
sentiment predictor, and || || denotes the Lo norm function.

Cross-modality Heterogeneity Enhancement After dis-
entangling the audio modality to isolate its unique sound
component, the text, sound, and vision form cross-modality
heterogeneities, each exhibiting distinct characteristics. To
preserve this, as shown in Fig. 2, we introduce an orthogo-
nal constraint to reinforce their cross-modal heterogeneity:

Lo= > Ingw -LN(W) ®LN(K') (D)
heH h'eH
where H = [hy, ﬁmﬁv] is the set of modality representa-

tions, ® denotes the dot product operation, and LN repre-
sents the Layer Normalization function. I, denotes an iden-
tity function that returns 1 if h and k' are different, and O
otherwise. This loss encourages the model to learn modality-
specific features that are orthogonal to one another, thereby



reflecting their inherent nature of mutual independence in
the real world, and further enhancing their complementary
strengths in multimodal fusion.

Modality Adaptive Weighting Fusion

Given the nature of regression tasks, we treat the text, sound,
and vision components as primary colors, combining them
in varying proportions to generate rich and dynamic multi-
modal representations that correspond to the sentiment in-
tensity, which is represented by a real number.

Modality Weighting Fusion Vector addition is the sim-
plest and most efficient method for feature fusion (Bengio
2009). However, treating each modality equally may not be
optimal, as different modalities contribute differently to sen-
timent prediction (Feng et al. 2024). Hence, to put it simply,
we develop a weight generator to directly assign appropriate
weights to modalities:

w = Softmax(Generator(h.))

®)

where h. = [h¢;ha;h,] € R3% represents the concate-
nation of the text, sound, and vision representations, and
Generator : R3% — R3 is an MLP that generates the cor-
responding weights for different modalities to achieve their
adaptive weighting fusion. Softmax is the softmax function
that maps the weights to probabilities summing to 1. There-
fore, w = [wy, w,,w,| indicates the weights of the text,
sound, and vision modalities, respectively. The multimodal
representation is then computed as:

hy =w® H =wih: + Waha + Wyhy ©)]

where hy € R represents the fused multimodal represen-
tation that considers the varying contributions of modalities.

Weight Generator Training Although the weight genera-
tor can be trained by backpropagating the error from the pre-
dicted sentiment intensity, the generated modality weights
lack interpretability and may not accurately reflect the true
contributions of different modalities. To address this, we first
leverage the label signal y to evaluate the uncertainty of each
modality, i.e., |y — § |, where ¢, is the predicted sentiment
intensity derived solely from modality m. Then, these uncer-
tainty scores are transformed into weights to reflect the true
contributions of different modalities to sentiment prediction:

w* = Softmax({(|y — Predictor(h)| + €) " *}ncn) (10)

Intuitively, the lower the uncertainty, the greater the modal-
ity’s importance. Hence, we use the reciprocal of the uncer-
tainty to assess the modality’s importance. € is a small con-
stant to prevent division by zero. Therefore, w* describes the
true contributions of modalities, and is utilized as the ground
truth to supervise the training of the weight generator:

(11)

Notably, w* varies dynamically during training, guiding the
weight generator to learn the patterns of modality combina-
tions for sentiment prediction. This enables the generator to
produce proper weights (w) that reflect the potential contri-
butions of different modalities, thereby achieving the robust
and effective fusion of multimodal representations.

Lo = [l = wll;
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Training Objective

With the multimodal representation h; generated by Eq. (9),
the sentiment intensity is predicted as follows:

§ = Predictor(hy) (12)

Following prior studies (Zadeh et al. 2017; Hazarika, Zim-
mermann, and Poria 2020; Sun et al. 2022), the mean
squared error loss is employed for the regression task:

‘ctask = ||y - QHQ (13)

Finally, the training objective is to minimize the overall loss:

L= Ltask + ﬁa + Eo + ‘Cw (14)

Experimental Setups
Datasets

MDF is evaluated on two widely used MSA datasets, namely
CMU-MOSI and CMU-MOSEI. The descriptions and statis-
tics of these datasets are provided in the Appendix.

Evaluation Metrics

Following the previous works (Yu et al. 2021; Yang et al.
2023), a set of widely-recognized metrics is adopted, includ-
ing Mean Absolute Error (MAE), Pearson Correlation Co-
efficient (Corr), 7-class accuracy (Acc-7), binary accuracy
(Acc-2), and F1-Score. Particularly, the Acc-2 and F1 scores
are reported in two forms using the segmentation marker ’-
/-’: the first score represents negative/non-negative perfor-
mance, while the second score corresponds to negative/pos-
itive performance. The distinction between non-negative and
positive scores lies in the fact that the former includes scores
> 0, while the latter encompasses scores > 0.

Compared Methods

MDF is compared with recent advanced MSA methods:
LMF (Liu et al. 2018), MulT (Tsai et al. 2019), MISA (Haz-
arika, Zimmermann, and Poria 2020), Self-MM (Yu et al.
2021), CubeMLP (Sun et al. 2022), ConFEDE (Yang et al.
2023), AcFormer (Zong et al. 2023), EMT (Sun et al.
2024), HyDiscGAN (Wu et al. 2024), KuDA (Feng et al.
2024), DNT (Zeng et al. 2024), ULMD (Zhu et al. 2025),
DLF (Wang et al. 2025), DEVA (Wu et al. 2025) and
MFON (Zhang, Wei, and Zou 2025).

Implementation Details

For a fair comparison, we employ the bert-base-uncased
model as the text encoder, with the text representation space
having a dimension of 768. Following (Yu et al. 2021; Feng
et al. 2024), we directly utilize the features of the audio and
vision modalities as provided in the original datasets. Dur-
ing model training, the AdamW optimizer is used with an
initial learning rate {5e~>,1e=3} for BERT and other pa-
rameters, respectively. The batch sizes and epochs are set to
{32,64} and {50, 30} for CMU-MOSI and CMU-MOSEI,
respectively. All experiments are conducted using a single
NVIDIA RTX 3090 GPU with 24GB memory.



Methods | CMU-MOSI | CMU-MOSEI

| MAE(;, Corr  Acc-7 Acc-2 Fl-Score | MAE(;, Corr Acc-7 Acc-2 F1-Score
LMF* 0.950 0.651 33.82 77.90/79.18 77.80/79.15 0.576 0.717 51.59 80.54/83.48 80.94/83.66
MulT*® 0.879 0.702 36.91 79.71/80.98 79.63/80.95 0.559 0.733 52.84 81.15/84.63 81.56/84.52
TMISA* 0.776 0.778 41.37 81.84/83.54 81.82/83.58 0.557 0.751 52.05 80.67/84.67 81.12/84.66
Self-MM* 0.708 0.796 46.67 83.44/85.46 83.36/85.43 0.531 0.764 53.87 83.76/85.15 83.82/84.90
CubeMLP* 0.755 0.772 4344 80.76/82.32 81.77/84.23 0.537 0.761 53.35 82.36/85.23 82.61/85.04
ConFEDE 0.742 0.784 4227 84.17/85.52 84.13/85.52 0.522 0.780 54.80 81.65/85.82 82.17/85.83
AcFormer 0.715 0.794 442 82.3/85.4 82.1/85.2 0.531 0.786  54.7 84.3/86.5 84.2/85.8
EMT 0.705 0.798 474 83.3/85.0 83.2/85.0 0.527 0.774 545 83.4/86.0 83.7/86.0
HyDiscGAN 0.749 0.782 432 84.1/86.7 83.7/86.3 0.533 0.761 54.4 81.9/86.3 82.1/86.2
KuDA* 0.705 0.795 47.08 84.40/86.43 84.48/86.46 0.529 0.776  52.89 83.26/86.46 82.97/86.59
DTN 0.714 0.807 48.1 -/86.2 -/86.2 0.579 0.788 52.5 -/86.3 -/86.3
TULMD 0.700 0.799 47.81 -/85.82 -/85.71 0.531 0.770 53.81 -/85.95 -/85.91
DLF 0.731 0.781 47.08 -/185.06 -/85.04 0.536 0.764 53.90 -185.42 -/85.27
DEVA 0.730 0.787 46.32 84.40/86.29 84.48/86.30 0.541 0.769 52.26 83.26/86.13 82.93/86.21
MFON 0.725 0.797 4490 84.84/86.89 84.75/86.86 0.528 0.780 53.72 82.70/86.32 83.13/86.29
TMDF(ours) ‘ 0.692 0.810 48.25 84.99/85.82 85.03/85.90 ‘ 0.525 0.788 54.80 85.01/86.61 83.92/86.41

Table 1: Comparison with the advanced baselines. ®*indicates results excerpted from KuDA, while others are from their original

papers. findicates methods based on the concept of disentan

Experimental Results and Analysis
Compared With Advanced Methods

Table 1 presents the comparative performance of MDF with
recent advanced methods on two benchmark datasets, mark-
ing the best and second-best results in bold and underlined,
respectively. Note that, the compared methods are all BERT-
based, and thus we utilize the bert-base pre-trained model
as the text encoder for a fair comparison. Overall, MDF
surpasses recent advanced methods, achieving the best or
second-best performance across most evaluation metrics on
all datasets, establishing new benchmarks on the CMU-
MOSI dataset in MAE, Corr, and Acc-7 metrics.

From Table 1, it is evident that representation learning
plays a crucial role in constructing effective multimodal rep-
resentations for MSA. Among them, ConFEDE employs the
contrastive learning mechanism to extract robust modality
features and demonstrates strong performance on the CMU-
MOSEI dataset, achieving the best results in the MAE and
Acc-7 metrics. MFON also utilizes contrastive learning to
enhance the model’s performance, achieving competitive re-
sults on the CMU-MOSI datasets. ULMD and DTN disen-
tangle modality features into common and private spaces to
improve multimodal fusion, thereby delivering competitive
performance on both datasets. MDF surpasses these repre-
sentation learning-oriented methods, including MISA, DTN,
ULMD, and DLF, highlighting its superiority in disentan-
gling audio modality-specific features and effectively inte-
grating cross-modality heterogeneous features for MSA.

Additionally, compared to MLP-based fusion methods,
such as EMT, ConFEDE, CubeMLP, and Self-MM, the
weighted sum fusion strategy indicates greater effectiveness,
as evidenced by the superior performance of AcFormer (uti-
lizing a cross-attention mechanism) on the CMU-MOSEI
dataset and KuDA (employing a weight assignment mech-

gling.
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Low £. £, £, | CMUMOSI | CMU-MOSEI

‘ MAE 1 COI‘I‘T ‘ MAE 1 COI‘I‘T
v 0.720 0.781 | 0.536  0.760
v v 0.718 0.780 | 0.536 0.769
v v v 0.710 0.798 | 0.530 0.774
v v 0.713 0.793 | 0.532 0.775
v v v 0.708 0.803 | 0.530 0.780
v v v v 0.692 0.810 | 0.525 0.788

Table 2: Model performance with different losses.

anism) on both datasets. Compared with KuDA, MDF trains
a weight generator to assign the correct weights to different
modalities, thereby enhancing the model’s ability to recog-
nize the dominant modality and achieving better results.

Ablation Studies

Influences of Different Modules Table 2 presents the ab-
lation results of introducing different losses in MDF, in-
cluding £, for disentangling the audio modality, £, for en-
hancing modality-specific features, and £,, for training the
weight generator. It can be observed that the model perfor-
mance is significantly affected by the removal of any loss
term, with the most pronounced performance degradation
observed when all loss terms are removed. Particularly, the
MAW module (£,,) is pivotal to the model’s performance,
significantly enhancing its effectiveness across various set-
tings. Additionally, the CHE module (L£,) activates the abil-
ity of audio disentangle (£,), amplifying the performance
gains achieved through audio disentangle.

Contributions of Different Modalities The experimental
results summarized in Table 3 analyze the impact of different



| CMU-MOSI | CMU-MOSEI

Modalities

| MAE, Corry | MAE;, Corry
A (only) 1.455 0.162 | 0.998 0.184
A’ (only) 1.456 0.145 | 1.005 0.163
T (only) 0.786  0.705 | 0.566 0.740
T+A 0.739  0.777 | 0.547 0.752
T+ A 0.722  0.795 | 0.535 0.768
V' (only) 1.480 0.114 | 1.003 0.112
V+T+A | 0720 0.781 | 0536 0.760
V+T+A | 0692 0.810 | 0525 0.788

Table 3: Model performance with different modalities.

modalities on the model’s performance by progressively in-
corporating them, where 1, A, V' represent the original text,
audio, and video modality features, respectively. A’ repre-
sents the audio-specific features after disentangling, i.e., the
sound component. Our results under unimodal settings are
consistent with previous studies (Zong et al. 2023), which
demonstrate the dominance of the text modality in MSA.
As seen, using only the sound component (A’) slightly un-
derperforms the original audio (A), indicating that the orig-
inal audio modality contains additional textual information
distinct from the original text modality. This confirms that
we cannot directly align the text component disentangled
from the audio modality with the text modality, which is why
we align their characteristics in Eq. (6). However, fusing A’
with other modalities significantly outperforms counterparts
fused with A, highlighting the effectiveness of the disentan-
gled sound component in complementing the other modal-
ities, particularly the combination of V' + T + A’, which
achieves the best performance among all combinations.

Visualization Analysis

To further demonstrate MDF’s effectiveness, we visualize
the effects of different modules, with experiments conducted
on the CMU-MOSI dataset. More visualization results can
be found in the Appendix.

Modality Weights Distributions Fig. 3 visualizes and
compares the generated modality weights w by Eq. (8)
alongside the transformed weights w* by Eq. (10). For clar-
ity, the samples are first ranked based on the values w in the
text modality, as shown in Fig. 3(a). Correspondingly, the
samples in Fig. 3(b) are ranked using the same indices.

As observed, Fig. 3(a) indicates that text dominates the
MSA task, with most samples exhibiting higher text modal-
ity weights. Samples with lower text modality weights tend
to have higher weights on the sound component, indicating
that sound effectively supplements the text. In contrast, the
vision modality plays a more supportive role when the text
modality is dominant, as reflected in its higher weights com-
pared to sound in the lower-ranked samples. Additionally,
the weights in Fig. 3(b) represent the modality contributions
based on their unimodal features. A comparison between
Fig. 3(a) and Fig. 3(b) shows that the generated weights w
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Figure 3: Visualization of modality weights.
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Figure 4: Visualization of cross-modality heterogeneity.

generally align with the derived weights w*, demonstrating
the effectiveness of the MAW module in recognizing the true
contributions of modalities to sentiment prediction.

Modality Feature Distributions Using the t-SNE toolKkit,
we visualize the distributions of different modality features
in Fig. 4, with features extracted from models trained with
and without the CHE module. Since different modalities rep-
resent distinct information types, Fig. 4(a) shows that modal-
ity features are clearly separated, supporting the assump-
tion of cross-modality heterogeneity. After disentangling,
the text component and sound component are separated ob-
viously, and the text component aligns closely with the text
modality, demonstrating the effectiveness of our proposed
indirect alignment method (i.e., £,). Furthermore, the intro-
duced CHE module successfully enhances cross-modality
heterogeneity among the text, sound, and vision, as demon-
strated in Fig. 4(b), where the corresponding features exhibit
a three-legged confrontation. This enhancement is crucial
for strengthening the complementarity of modalities and im-
proving the multimodal fusion process, as illustrated below.

Conclusion

We propose MDF to extract and refine modality-specific fea-
tures and fuse them via adaptive weights for MSA. MDF
first disentangles the audio modality to extract its unique
sound component, then employs a CHE module to enhance
cross-modal heterogeneity among text, sound, and vision.
Building on this, an MAW module further guides a weight
generator to assign modality-specific fusion weights. To-
gether, these components address both cross-modality het-
erogeneity and homogeneity challenges in MSA.
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