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Abstract—Multimodal sentiment analysis and depression de-
tection are pivotal for advancing human-computer interaction,
yet significant challenges remain. First, the limited extraction
of global contextual information within individual modalities
risks the loss of modal-specific features. Second, existing methods
often prioritize unaligned textual interactions, neglecting critical
inter-modal discrepancies. To address these issues, we propose
the Scale-Selectable Global and Discrepancy Learning Network
(SSGDL), an innovative framework that integrates two core mod-
ules: the Cross-Shaped Dynamic Scale Attention Module (CS-
DSA) and the Primary-Secondary modal Discrepancy Learning
Module (PS-MDL). The CS-DSA dynamically selects scales and
employs cross-shaped attention to capture comprehensive global
context and intricate internal correlations, effectively producing a
fused modal representation. Meanwhile, the PS-MDL designates
the fused modal as primary and utilizes cross-attention mecha-
nisms to learn discrepancy representations between it and other
modalities (textual, acoustic, and visual). By leveraging inter-
modal discrepancies, SSGDL achieves a more nuanced and holis-
tic understanding of emotional content. Extensive experiments on
three benchmark multimodal sentiment analysis datasets (MOSI,
MOSEI, SIMS) and a depression detection dataset (AVEC2019)
demonstrate that SSGDL consistently outperforms state-of-the-
art approaches, setting a new benchmark for multimodal affective
computing.

Index Terms—Multimodal Sentiment Analysis, depression de-
tection, Scale-Selectabl Global Information, Inter-modal Discrep-
ancy Learning, Neuro-scientific theories.

I. INTRODUCTION

Entiment plays a crucial role in human cognition, partic-
ularly in decision-making, perception, and interpersonal
communication. It can be inferred from various sources of
information, including speech, facial expressions, text, body
movements, and physiological signals, with each source rep-
resenting a distinct modal. Moreover, sentiment analysis serves
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as a key enabler in bridging the gap between artificial intel-
ligence (AI) and affective computing, allowing machines to
more accurately understand and respond to human emotions.
Early research efforts predominantly focused on single-modal
sentiment analysis, including text-based [1] [2], image-based
[3] [4], and audio-based sentiment analysis [5] [6]. While these
approaches have demonstrated utility in specific domains,
single-modal sentiment analysis models inherently suffer from
limitations such as sensitivity to noise, susceptibility to bias,
and the generation of ambiguous or contradictory results. To
address these shortcomings, Multimodal Sentiment Analysis
(MSA) has emerged as a robust alternative by integrating
data from multiple modalities, such as text, audio, and visual
signals-as illustrated in Fig. 1. By leveraging the comple-
mentary strengths of these modalities, MSA provides a more
comprehensive and accurate representation of the complexity
and diversity inherent in real-world emotional expressions [15]
[16] [17].

Recent advancements in multimodal fusion techniques have
further propelled the field of MSA. Common fusion strategies
include feature-level fusion [7] [8], decision-level fusion [9]
[10], and consistent regression fusion [11] [12]. Further-
more, state-of-the-art attention-based models, such as Mullti-
Attention Recurrent Networks (MARNS) [13], have shown sig-
nificant progress in capturing both intra-modal and inter-modal
dynamics. Beyond these efforts, Wu et al. [14] introduced
an innovative mechanism for detecting word-level inconsis-
tency, while Wen et al. [57] proposed a hardware-optimized
architecture for long short-term memory networks (MLSTM)
based on memristor technology. Li et al. [56] further advanced
the field by leveraging raw multimodal data for pre-training,
facilitating deeper exploration of multimodal information, en-
hancing model generalization capabilities, and substantially
reducing manual labelling costs. As demonstrated by Qureshi
et al. [18], there is a strong correlation between sentiment
analysis and video-based depression diagnosis, which enables
the application of shared techniques such as temporal mod-
elling with LSTM architectures, multimodal fusion methods
(e.g., attention-based and tensor fusion), and feature extraction
strategies like Mel-frequency cepstral coefficients (MFCC) for
acoustic signals and lexical embedding models for textual
inputs. These methods are widely used in both domains to
detect nuanced emotional patterns and behavioral cues.

Despite recent advances, traditional multimodal sentiment
analysis (MSA) methods still exhibit fundamental limitations.
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Fig. 1. Multimodal Data Can Provide More Accurate Information for
Sentiment Analysis

Notably, those existing approaches rely on fixed-scale fea-
ture extraction strategies [32], which lack the capacity to
dynamically adapt to evolving cross-modal dependencies. This
static modelling strategy often leads to a loss of semantically
rich contextual information during fusion, particularly when
modalities are weakly aligned or temporally asynchronous.
For instance, emotional shifts in vocal tone may precede or
lag behind corresponding facial expressions—temporal dy-
namics that static fusion windows fail to capture effectively.
Furthermore, although several studies have explored inter-
modal interactions [13] [14], they typically assume modal
consistency and overlook the presence of inherent cross-modal
contradictions—such as sarcasm, irony, depressive indicators,
or affective ambiguity. These subtle emotional expressions
(e.g., a cheerful facial expression paired with a sarcastic tone)
demand explicit discrepancy modelling. Additionally, methods
such as [31] attempt to enhance inter-modal interactions, but
often neglect fine-grained discrepancies that are essential for
revealing nuanced emotional cues and underlying speaker
intentions. Thus, previous approaches either ignore these com-
plex signals or treat them as noise, resulting in coarse-grained
sentiment representations that fail to capture the intricacy and
variability of real-world emotional expression.

To overcome these challenges, we propose the Scale-
Selectable Global Information and Discrepancy Learning Net-
work (SSGDL), which introduces two novel modules: the
Cross-Shaped Dynamic Scale Attention Module (CS-DSA)
and the Primary-Secondary Modality Discrepancy Learning
Module (PS-MDL). The CS-DSA dynamically adjusts the
receptive field scale based on the input stimulus, employing a
cross-shaped attention mechanism to capture contextual infor-
mation at varying scales. This enables the model to effectively
aggregate global information and modal-specific correlations,
thereby generating robust fused modal representations. The
PS-MDL further enhances the fused modal representation by
treating it as the primary modal and designating the other
modalities (e.g., text, acoustic, visual) as auxiliary. It leverages
cross-attention and self-attention mechanisms to hierarchically
integrate the auxiliary modalities, effectively extracting critical
discrepancy information that highlights the complementarity
and uniqueness of each modal.

By combining these innovations, our approach not only
addresses the limitations of traditional fusion strategies but
also provides a more nuanced and holistic understanding
of emotional content. Extensive experiments on benchmark
datasets (MOSI, MOSEI, SIMS, and AVEC2019) demonstrate
that SSGDL consistently outperforms state-of-the-art methods,
setting a new benchmark for multimodal affective computing.

Thus, our contributions include:

We contribute an innovative framework, the Scale-
Selectable Global and Differential Learning Network (SS-
GDL). By effectively leveraging cross-modal differences,
SSGDL enables a more nuanced and comprehensive un-
derstanding of emotional content. This approach enhances
the model’s ability to capture intricate interdependencies
between modalities, fostering a deeper integration of
multimodal information.

We introduce the Cross-Shaped Dynamic Scale Attention
(CS-DSA) module. This efficient attention mechanism
automatically selects the most appropriate kernel size
and employs cross-shaped interactions to comprehen-
sively extract essential information from each neuron
while assessing correlations, thereby uncovering complex
interrelationships in multimodal data.

We design a Primary-Secondary Modality Discrepancy
Learning Module (PS-MDL) to capture discordant infor-
mation. This network structure includes primary and aux-
iliary modal generation, cross-attention, and self-attention
mechanisms specifically designed to capture and utilize
inter-modal discrepancy information.

Extensive experiments are conducted on three multimodal
sentiment analysis datasets—SIMS, CMU-MOSI, and
CMU-MOSEI—to thoroughly evaluate the superiority
and effectiveness of the proposed method. Furthermore,
to assess the robustness of the model across different
domains, additional experiments are performed on the
cross-domain AVEC 2019 depression detection dataset,
yielding exceptional results.

II. RELATED WORK

A. Multimodal Sentiment Analysis

Initial sentiment analysis research was heavily centred on
textual data to assess users’ emotional orientation (positive,
negative, or neutral) [19] [20]. MSA broadens this traditional
approach by integrating speech and visual features to more
comprehensively capture the sentiment expressed in an utter-
ance. Research in MSA mainly focuses on two areas: rep-
resentation learning and multimodal fusion. In the domain of
unimodal representation learning, Sun et al. [21] use utterance-
level representations from each modal as a global multimodal
context, which interacts with local unimodal features for mu-
tual enhancement. Cristina et al. [22] introduced CrowdDM,
a sentiment analysis-guided group decision-making model
that utilizes crowd intelligence from social networks to solve
decision-making challenges.

Regarding multimodal fusion, three main strategies have
been explored. We note that the categorization of fusion
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strategies in the previous section—namely feature-level fu-
sion, decision-level fusion, and consistent regression fu-
sion—originates from a signal-processing perspective and fo-
cuses on the level of fusion. In this section, we adopt a com-
plementary perspective that emphasizes when and how fusion
occurs during model training. Accordingly, the three strate-
gies discussed below—early, late, and hybrid fusion—can be
seen as architectural counterparts to the earlier categorization.
Specifically, early fusion typically corresponds to feature-level
fusion; late fusion aligns with decision-level fusion; hybrid
fusion often incorporates ideas from consistent regression or
multi-stage supervision.

Early fusion combines features from different modalities
at the initial stages, allowing the model to learn joint rep-
resentations from the start and enabling interaction between
modalities. For example, Tsai et al. [23] introduced a cross-
modal Transformer that enhances the target modal through
cross-modal attention, generating unified representations early
in the learning process. Late fusion, on the other hand,
integrates modalities after they have been processed indepen-
dently, typically through methods like concatenation or tensor-
based approaches. Zadeh et al. [24] developed a tensor fusion
network that computes the outer product of unimodal repre-
sentations, capturing cross-modal interactions at a later stage.
Additionally, hybrid approaches combine the strengths of both
early and late fusion. Li et al. [25] proposed a hierarchi-
cal disentanglement technique that effectively extracts shared
and private sentiment information from different modalities.
Meanwhile, Wu et al. [58] proposed the Multimodal Multi-
loss Fusion Network (MMML), which integrates audio and
text signals using a transformer-based fusion network. While
MMML focuses on optimizing the fusion process through
multi-task learning, our approach introduces a novel Cross-
Shaped Dynamic Scale Attention (CS-DSA) module, which
dynamically adjusts the receptive field scale to capture both
global and local contextual information. This dynamic scale
selection mechanism distinguishes our work from MMML and
allows for more flexible and adaptive feature extraction.

Despite recent advancements, existing studies often over-
look the heterogeneity across modalities—that is, the naturally
different ways in which text, audio, and visual cues express
sentiment [33]. This heterogeneity is critical for understanding
emotionally ambiguous or contradictory scenarios, such as a
sarcastic remark with a smiling face but a flat tone. Moreover,
current datasets often contain spurious correlations between
sentiment labels and superficial features (e.g., certain facial ex-
pressions co-occurring with positive labels regardless of actual
sentiment), which can mislead models into learning dataset-
specific biases rather than genuine emotional understanding.
These challenges increase the risk of intra-modal redundancy,
inter-modal information loss, and incorrect generalization.
Therefore, it is essential to design models that can both respect
modal-specific characteristics and explicitly account for mis-
leading cross-modal correlations. Our proposed discrepancy-
aware fusion module (PS-MDL) directly addresses this need
by modelling primary-secondary differences among modalities
to mitigate such issues.

B. Transformer-Based Multimodal Interaction

Transformer-based networks have shown promise in mod-
elling global contextual information, but important distinctions
are often overlooked. Specifically, intra-modal global context
refers to long-range dependencies within individual modalities,
such as emotional flow in textual discourse or tonal variation
in acoustic signals [26] [28]. Meanwhile, inter-modal global
context involves capturing coherent, aligned semantics across
modalities, which is essential for resolving cross-modal ambi-
guities and enhancing emotional understanding [27] [30].

However, those Transformer-based multimodal approaches
still suffer from two key limitations. First, they often apply
the same fusion mechanism across modalities—a problem
emphasized by [34] —which ignores the heterogeneity and
temporal misalignment inherent in real-world multimodal data.
Second, although models like the Multimodal Transformer
[27] and tensor-based methods [30] use cross-modal attention,
they fail to adaptively adjust to modality-specific dynamics
or distinguish between reliable and misleading cross-modal
cues. This can lead to spurious correlations, as noted in
[29], where models learn dataset-specific patterns (e.g., facial
expressions statistically tied to labels) instead of genuine
emotional semantics.

These issues motivate the need for a model that can selec-
tively aggregate both intra-modal and inter-modal global infor-
mation, while accounting for modality discrepancies. Our CS-
DSA module is designed to address this gap by dynamically
adjusting attention scales to model contextual relationships
along both temporal and modal dimensions.

III. METHODOLOGY

In this section, we will provide a detailed explanation of
the proposed model and its intricate architectural components.
Both multimodal sentiment analysis rely on extracting rele-
vant information from different modalities to assess potential
inconsistencies.

A. Task Setup

The acoustic (a), visual (v), and textual (t) modalities from
the same video segments are used for determining sentiment
polarity, and the fusion modal (f) generated by before three
modalities. These modalities can be represented as Iy 2
RTm dm_ where Ty, denotes the sequence length, d, repre-
sents the dimensionality of each modal, and m 2 fa;v;t; fg.

B. Overall Architecture

As shown in Fig. 2, the Scale-Selectable Global Information
and Discrepancy Learning Network (SSGDL) for multimodal
sentiment analysis includes four main components: feature
extraction, the Cross-Shaped Dynamic Scale Attention Mod-
ule (CS-DSA), the Primary-Secondary Modality Discrepancy
Learning Module (PS-MDL), and the prediction layer. The CS-
DSA layer employs a novel attention mechanism to explore
complex intra- and inter-modal relationships, generating a new
fused modal. The PS-MDL layer then captures discrepancies
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Fig. 2. The proposed SSGDL model framework.

between the primary and auxiliary modalities using cross-
attention, which is further refined with self-attention. Finally,
a sequence model in the prediction layer forecasts sentiment
outcomes based on all modal pairs.

C. Feature Extraction

1) Word Embedding: For the verbal modal, we selected
a modified and optimized version of BERT, specifically the
12-layer RoBERTa, as our text encoder. The text is initially
processed through RoBERTa’s tokenizer, which adds two
special tokens: [CLS] at the beginning and [SEP] at the
end of the sentence. These tokens help the model identify
sentence boundaries and assign contextually relevant repre-
sentations to each word. The resulting segmentation sequence
Iy, 2 R™m 9m from the tokenizer is then utilized for further
processing in RoBERTa.

2) Visual Feature: For the visual modal, we utilize a pre-
trained Vision Transformer (ViT) as our visual encoder, focus-
ing on facial expressions as the primary medium of sentiment
conveyance. Since certain facial features, particularly the eyes
and mouth, more precisely reflect emotional states, the ViT is
leveraged to extract both global and localized facial details.
This method allows for a thorough capture of sentiment-
related signals from facial expressions. The visual modal
representation is expressed as Xy.

3) Acoustic Feature: For the acoustic modal, we utilize
the COVERAP analysis framework to extract a range of
handcrafted acoustic features. These features encompass 12
Mel-frequency cepstral coefficients, pitch, volume, glottal
source parameters, and additional vocal attributes pertinent
to emotional expression and tone. By employing the CMU-
MultimodalSDK, we generate COVERAP feature sequences
for each sample within the multimodal dataset, facilitating
an in-depth examination of auditory data. In this study, the
acoustic modal representation is denoted as Xj.

Primary-Secondary Modality
Discrepancy Learning Module
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D. Cross-Shaped Dynamic Scale Attention Module

While the MMML model employs a fixed cross-modal at-
tention mechanism, our CS-DSA module introduces a dynamic
scale selection mechanism that adaptively adjusts the receptive
field based on the input stimulus. This allows our model to
capture both global and local contextual information more ef-
fectively. Additionally, the cross-shaped attention mechanism
in CS-DSA enables neurons to acquire dense contextual infor-
mation from all other neurons, further enhancing the model’s
ability to handle long-range dependencies. These innovations
distinguish our approach from MMML and contribute to the
superior performance of our model on benchmark datasets.

The CS-DSA is designed to extract comprehensive global
contextual information while capturing complex intra-modal
and inter-modal relationships. Unlike traditional methods that
rely on fixed-scale feature extraction, the CS-DSA dynami-
cally adjusts the receptive field scale based on the stimulus
level, inspired by the adaptive modulation of neuronal recep-
tive fields in the visual cortex. This dynamic scale selection
is achieved through a novel gating mechanism that integrates
information from multiple branches, each containing data at
different scales. Additionally, the CS-DSA employs a cross-
shaped attention mechanism to capture contextual information
along both the horizontal and vertical axes of the feature
map, enabling neurons to acquire dense contextual information
from all other neurons. This dual-loop cross-shaped attention
mechanism significantly enhances the model’s ability to cap-
ture global and local dependencies, addressing the limitations
of traditional attention mechanisms in handling long-range
dependencies. Specifically, the CS-DSA is operationalized
through four key processes—Divide, Cross-Interact, Fuse,
and Select—as depicted in Fig. 3. This figure illustrates a
dual-branch setup with kernels of different sizes, though the
approach can be extended to include multiple branches.

1) Divide: For any feature map Xm 2 RC" W' H’
first apply two distinct transformations: F : X ¥

we
X 2



