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Abstract. Multimodal sentiment analysis, due to its comprehensive ability to capture user senti-
ment, has significant application value in areas such as public opinion analysis. Existing research,
however, falls short in several aspects: (1) it inadequately models the global structural information
of the image, and (2) it overlooks the potential noise impact within each modality. These limita-
tions hinder the accurate extraction of sentiment cues from individual modalities. To address these
issues, we propose a Frequency Domain Decoupling and Semantic Filtering Network for Multi-
modal Sentiment Analysis. This network primarily integrates frequency-domain decoupling with
semantic filtering to process high- and low-frequency image information separately, thereby en-
hancing model performance. Specifically, we designed a Dynamic Frequency Domain Decoupling
Module that applies discrete wavelet transforms for differentiated image processing. This module,
combined with a Dual-Domain Loss Function, constrains consistency between the text semantic
space and the frequency distribution of the optimized image features, preventing sentiment infor-
mation loss from excessive filtering. The module also incorporates two key components: a Global
Semantic Sentiment Component (GSSC) and a High-Frequency Filtering Component (HFFC).
In the GSSC component, we designed a Hybrid Mamba to leverage text in capturing global se-
mantic information from low-frequency image data. Furthermore, our HFFC component generates
a dynamic weight matrix guided by text, enabling quantitative noise suppression. Additionally, we
developed a Multi-Grained Semantic Purification Module to filter noise at the word, phrase, and
sentence levels. Experimental findings from publicly accessible datasets indicate that our proposed
model achieves competitive performance compared with existing methods on multimodal senti-
ment analysis under the adopted experimental settings and sarcasm detection tasks, validating the
effectiveness of our noise-suppression method in cross-modal sentiment analysis. A key limita-
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tion of the model is its use of DWT: downsampling-related resolution loss in low-frequency sub-
bands and independent subband partitioning compromise the capture of large-scale global structural
correlations and local-global feature modelling, which advanced transform techniques can allevi-
ate.

Key words: sentiment analysis, multimodal, frequency domain, semantic filtering.

1. Introduction

Sentiment is a subjective response to external stimuli, and sentiment analysis primarily
aims to understand human sentiment using existing knowledge (Pandey and Vishwakarma,
2024; Singh et al., 2024). With the widespread use of social media, there has been an in-
creasing number of ways to combine image and text to express sentiment. As a result,
multimodal sentiment analysis has gained significant attention from researchers (Sun et
al., 2025; Zhu et al., 2023). Compared to traditional text-based sentiment analysis, mul-
timodal sentiment analysis requires handling more modalities, posing greater challenges
to researchers (Gandhi et al., 2023). Multimodal sentiment analysis has broad potential
in social-media analysis, education, healthcare, and other human-centered applications
(Gandhi et al., 2023; Do et al., 2024; Lu et al., 2024; Das and Singh, 2023). By jointly
modelling textual and visual evidence, these methods can capture sentiment cues that may
be incomplete or ambiguous in either modality alone (Zhu et al., 2022). More broadly,
data-driven intelligent technologies have also been applied to shipping communication se-
curity, privacy-preserving collaborative learning, and secure maritime data management
(Feng et al., 2026; Li et al., 2025b,a).

In the past few years, considerable advances have been made in multimodal sentiment
analysis (Wang et al., 2025a; Zhao et al., 2025a; Wang et al., 2025¢). Early research pri-
marily focused on performing sentiment analysis by examining the correlation between
images and texts, which played a crucial role in improving sentiment classification ac-
curacy (Zhao et al., 2019; Truong and Lauw, 2019). Other studies have introduced cross-
modal mechanisms, such as multi-level attention mechanisms and information correlation
modelling, to model images globally (Xue et al., 2022; Chen et al., 2023; Wang et al.,
2025Db), further enhancing the interaction between modalities, or explored the deep fusion
of multimodal features through Transformer technologies (Kim and Park, 2023; Aziz et
al., 2025; Wu et al., 2025). Some studies have also incorporated colour cues and cross-
modal translation mechanisms for sentiment analysis (An and Zainon, 2023; Zhang et al.,
2024). Despite significant advancements in inter-modal interaction modelling, Kim et al.
(2021) argue that networks dealing with images should be more complex than those for
text. However, existing research has not deeply explored the impact of the global structure
of images on sentiment understanding, nor has it adequately addressed the interference of
latent noise within modalities during sentiment feature extraction. This noise may origi-
nate from irrelevant background information in the image or from redundant expressions
in the text, hindering the precise extraction of sentiment features and reducing the model’s
accuracy (Zhou et al., 2024, 2026a, 2026b).
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To tackle this problem, this work proposes a new approach called Frequency
Domain Decoupling and Semantic Filtering Network for Multimodal Sentiment Anal-
ysis (FDSF-Net). The objective is to suppress intra-modal noise interference and enhance
the expressive ability of sentiment features within each modality. Specifically, we design
a dynamic frequency-domain decoupling module that applies discrete wavelet transforms
to the image, dividing its frequency-domain information into Low-Frequency (LF) global
semantic sentiment bands and High-Frequency (HF) noise-sensitive bands, allowing us
to distinguish between sentiment information and image noise. In this module, we de-
sign different components for low and high frequencies to enable differential processing.
Specifically, we have developed a global semantic modelling component and an HF fil-
tering component. The global semantic modelling component, leveraging Mamba’s pow-
erful temporal modelling capabilities, captures the image’s structural information in the
LF domain, enabling a thorough understanding of its potential sentiment. The HF filtering
component primarily filters the HF noise-sensitive domain, thereby improving the model’s
ability to capture sentiment cues. To further optimize the frequency-domain decoupling
effect, we introduce a dual-domain loss function. This loss function enforces consistency
between the text semantic space and frequency-decoupled image features in the frequency
domain during optimization, thereby preventing the loss of sentiment information that may
result from excessive filtering. This design allows our model to not only accurately extract
sentiment features from each modality when processing cross-modal information but also
to minimize the influence of noise. Additionally, we have designed a multi-granularity se-
mantic purification module to filter noise at multiple levels in the text. This module filters
text information temporally at the word, phrase, and sentence levels, alleviating redundant
or irrelevant sentiment information and improving the accuracy of text-based sentiment
feature extraction. Finally, we fuse the features of both modalities using the Cross-Spectral
Interaction Module. This module, through a cross-frequency-domain interaction mecha-
nism, fully considers the interrelationship between image and text, thereby optimizing
the fusion of sentiment features. Experimental validation on publicly available datasets
demonstrates the effectiveness of our method.

The contributions of our work are as follows:

e To propose a multimodal sentiment analysis model based on frequency domain decou-
pling and semantic filtering, which improves the model’s sentiment analysis capability
by modelling the global structure of the image and analysing noise.

e To design a dynamic frequency domain decoupling module and a multi-granularity se-
mantic purification module. The former processes different frequency subbands of the
image differentially, while the latter performs noise suppression at multiple granular-
ities of the text, thereby effectively enhancing the model’s ability to extract sentiment
cues.

e The proposed model achieves competitive performance on publicly available datasets
under the reported single-run experimental setting.
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2. Related Work
2.1. Text Sentiment Analysis

Traditional approaches primarily rely on conventional machine learning algorithms.
For example, Moraes et al. (2013) conducted a comparison using SVM and ANN for
document-level sentiment classification tasks. They used the bag-of-words model for fea-
ture selection and weighting, and discussed the classification accuracy of both methods
across different contexts within a standard evaluation setting. Shunxiang et al. (2023) pro-
posed a model based on sentiment intensity and PU learning. They divided reviews into
different subsets based on sentiment intensity and used SCAR and Spy techniques to ex-
tract initial positive and negative samples. A semi-supervised PU learning detector was
then constructed to iteratively detect fake reviews from incoming streaming data. Some
studies focus on improving dictionaries and statistical methods to better understand text
for sentiment analysis. For instance, Kang et al. (2012) addressed the issue of inadequate
sentiment lexicons in restaurant reviews by proposing a new sentiment lexicon (senti-
lexicon) and improving the Naive Bayes algorithm. They combined unigrams and bigrams
as features, narrowing the accuracy gap between positive and negative sentiment classi-
fication, and outperforming SVM and the original Naive Bayes in recall and precision.
Wang et al. (2023b) proposed an automatic method for generating fine-grained sentiment
lexicons by constructing a seed lexicon through sentiment-sentiment transfer, extending
the lexicon using graph propagation, and performing multi-information fusion based on
neural networks. The resulting FGSL demonstrated strong performance across a range
of sentiment analysis tasks. Pashchenko et al. (2022), using the NRC sentiment lexicon
and unsupervised learning, explored the relationship between sentiment and star ratings
in hotel and tourism reviews, finding that customer feedback on different sentiment as-
pects varied with ratings. However, some studies suggest that relying on a single method
may limit the model’s expressive power; therefore, a combination of methods may be
more effective (Rodriguez-Ibafiez et al., 2023). For example, Bibi et al. (2022) presented
a framework for unsupervised learning that utilizes concepts and hierarchical clustering
to analyse sentiment on Twitter. The results showed that unsupervised learning was com-
parable to supervised learning techniques. Wang et al. (2019) explored Twitter sentiment
analysis by combining textual information with sentiment diffusion patterns. They pro-
posed the SentiDiff iterative algorithm, which considered the interaction between both
elements to enhance sentiment analysis performance, and used sentiment diffusion pat-
terns for the first time to improve Twitter sentiment analysis. While these methods have
made significant contributions to sentiment analysis tasks, the powerful expressive capa-
bilities of deep learning have led many studies to adopt deep learning to address issues in
this field (Tai et al., 2015; Tang et al., 2015; Dai et al., 2021). For example, Chen (2015)
proposed two convolutional neural network models, Parallel CNN and Deep CNN, based
on word2vec word embeddings, to identify question-answer relationship candidates in
QA systems. They used convolutional layers to extract semantic features, and pooling and
fully connected layers to summarize them. Usama et al. (2020) introduced a model based
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on RNN and CNN with an attention mechanism. They first used CNN to extract sentence
features, then applied an attention mechanism to compute contextual weights for these fea-
tures, and finally input the features and weights into an RNN for sentiment analysis. Tian
et al. (2020) proposed the SKEP model, which incorporates sentiment masking and three
sentiment prediction targets to embed sentiment information into pre-trained representa-
tions. The model significantly outperformed baseline models, achieving new best results
on most test sets. The widespread use of attention mechanisms has provided new perspec-
tives for sentiment analysis of text. Several studies have combined attention mechanisms
to understand sentiment in text. For example, Zhai ez al. (2020) proposed the Multi-AFM
model, which generates contextual representations using gating units, this model was ap-
plied to sentiment analysis of educational big data, improving classification performance.
Parveen et al. (2023) proposed the GARN framework, which integrates RNN and attention
mechanisms to extract sentiment features, perform feature selection, and conduct senti-
ment classification on Twitter. More recently, Zhang et al. (2025b) proposed a textual
graph representation with syntactic weighting that combines word-position graph struc-
ture, syntactic weights, attention, and external knowledge to model implicit sentiment.
Beyond sentiment analysis, Zhao et al. (2025b) demonstrated that hyperbolic graph atten-
tion can integrate hierarchical semantic representations with long-context information for
technical keyphrase extraction, illustrating the broader value of graph-based long-context
modelling for text understanding.

Despite the significant achievements of deep learning in text sentiment analysis, the
widespread use of social media means that sentiment expression is often not limited to
text alone. Therefore, extending the powerful capabilities of deep learning to multimodal
sentiment analysis by integrating information from different modalities to more accurately
identify and understand sentiment is the primary focus of this study.

2.2. Multimodal Sentiment Analysis

Multimodal sentiment analysis poses a greater challenge than traditional text-based senti-
ment analysis, as it requires integrating information from multiple modalities to uncover
underlying sentiment cues. Traditional methods predominantly rely on attention mecha-
nisms to enable models to focus on key information across different modalities, thereby
enhancing sentiment analysis performance (Truong and Lauw, 2019; Xue et al., 2022). For
instance, Zhang et al. (2023) utilized the Transformer model to extract both image and text
features, incorporating LSTM and attention to better emphasize important information. Li
etal. (2023), Liang et al. (2025) introduced tensors to extract and fuse features from differ-
ent sources, such as text, images, and audio, in order to capture the complex data patterns
in multimodal sentiment analysis. Additionally, an improved bilinear fusion method was
employed, in which the model dynamically adjusts the fusion weights in real time based
on the features of both images and text to achieve weighted fusion. Hu et al. (2024) pro-
posed a three-channel multimodal fusion framework where the second channel removes
redundant information from auxiliary modalities, while the third channel enhances the sig-
nificance of the primary modality, and the integration of features from the three channels
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is managed by a multi-channel information fusion gate. Wang et al. (2025b) introduced
an adaptive attention module that dynamically adjusts the contributions of text and image
features by leveraging cross-modal attention to extract shared representations, thereby im-
proving the performance of both modalities. Additionally, sentiment information is used
to guide the extraction of features relevant to sentiment. Several studies have focused on
effectively fusing features from different modalities to leverage their complementary in-
formation (Zhao et al., 2019; Wang et al., 2022). For example, Mai et al. (2022) employed
intra-modal, cross-modal, and semi-contrastive learning concurrently, thoroughly explor-
ing cross-modal interactions and learning the relationships between samples and cate-
gories, thereby reducing the modality gap. Moreover, they introduced refinement terms
and modality intervals to learn single-modal pairs better. An and Zainon (2023) enhanced
sentiment analysis accuracy by integrating semantic information and image colour cues
from image-text pairs. The model included a feature extraction module to extract seman-
tic and colour features, a feature interaction module to facilitate information exchange
between features via cross-attention mechanisms, and a label prediction module to con-
solidate features and strengthen multimodal sentiment analysis. Cheng et al. (2023) pro-
posed an Attention Temporal Convolution Network (ATCN) to enhance the representation
of temporal features in a single modality, alongside a Multi-layer Feature Fusion (MFF)
model to improve multimodal fusion performance, fused features of different levels based
on feature correlation, and used cross-modal multi-head attention to explore relationships
among low-level features.

In addition, semantic correlations and sentiment consistency between different modal-
ities are crucial for sentiment analysis, leading some studies to incorporate contrastive
learning to enhance model performance. For instance, Zhang et al. (2024) used a trans-
lation network encoder to capture shared concepts between vision and text, addressing
the issue of missing modalities. Based on this framework, a single-modal weight adap-
tation strategy was introduced to leverage meta-learning from a few labelled samples to
learn single-modal weights. Wang et al. (2025a) explores modality correlations by a multi-
layer cross-modal interaction module. Subsequently, feature fusion was performed using a
multimodal fusion module that incorporated contrastive learning to uncover key sentiment
features across different categories and samples.

With the growing use of cutting-edge methods, including generative and graph mod-
els, more research is focusing on these areas. For example, Huan ez al. (2023) proposed a
UniMF model, which includes a translation module and a prediction module. The transla-
tion module generates missing modalities using existing modal information through Mul-
timodal Generation Masking (MGM) and a Multimodal Generation Transformer (MGT).
The prediction module integrates multimodal information via an attention mechanism to
generate predictions, using a Multimodal Understanding Transformer (MUT) that incor-
porates Multimodal Understanding Masks (MUM) and Multimodal Sequence (MMSeq)
representations for unified multimodal understanding. Zhao et al. (2025a) generated vir-
tual modalities to replace missing ones and aligned the semantic space of virtual and
missing modalities through contrastive loss. Wang et al. (2023a) addressed sentiment in-
formation in multimodal data from both global and local fine-grained perspectives. The
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global perspective obtained overall sentiment representations from text-image caption
pairs, while the local perspective explored fine-grained information in text and images
via two graph structures. Ultimately, combining global and local sentiment information
provided aspect-level sentiment polarity. Wang et al. (2025d) captures sentiment corre-
lations within and across modalities through a graph-based architecture. More recently,
Zhang et al. (2025a) proposed a Multimodal Semantic Fusion Network that uses gated
attention for cross-modal alignment, graph convolutional networks to model interactions
among aligned features, and the integration of explicit and implicit sentiment semantics.

Although these methods have made progress in multimodal sentiment analysis tasks,
they have not fully exploited the global structural information in images and have over-
looked noise interference during cross-modal interactions. Given that multimodal data of-
ten contains substantial redundancy and noise, these interferences can disrupt the model’s
training and degrade performance. Thus, the effective differentiation of image processing
and noise mitigation between image and text data to improve the accuracy of multimodal
sentiment analysis is the primary focus of this study.

3. Proposed Method

This section presents the architecture and core components of the proposed FDSF-Net
framework in Fig. 1.
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Fig. 1. Framework of FDSF-Net. The model first employs ViT and RoBERTa to extract visual features Y}, . ; and
textual features T}, ¢ 4, where b denotes the batch index, ¢ the number of image patches, / the visual embedding
dimension, s the text sequence length, and d the textual embedding dimension. The Dynamic Frequency Do-
main Decoupling Module (dashed box 1) decomposes input images into low-frequency (LF) and high- frequency
(HF) components via discrete wavelet transform (DWT), and reconstructs optimized visual features Yﬁ ¢, using
inverse DWT (IDWT). The Multi-Grained Semantic Purification Module (dashed box 2) refines T 1nt0 den01sed
textual features 7 by suppressing noise at word-, phrase-, and sentence-level granularities. The Cross-Spectral
Interaction Module (dashed box 3) performs bidirectional cross-modal attention between ancall and T, produc-
ing the fused representation Fjseq for sentiment prediction J. Solid arrows indicate the direction of information
flow, while dashed boxes highlight the three core modules.
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3.1. Task Definition and Description

Multimodal sentiment analysis primarily aims to detect the sentiment conveyed across
different modalities. The multimodal data in this study consists of image and text. Given a
text-image pair (X7, X lj ) along with the corresponding task label y/, the dataset is defined
as follows:

N

D= (X)) o

where X ,J represents the j-th text sample in the dataset, X l] is the corresponding image

associated with X z] ,and y/ denotes the task-specific label. Specifically, for our core task of
multimodal sentiment analysis, y/ is a binary label for the HFM dataset, with 1 indicating
positive sentiment and O indicating negative sentiment, whereas it is a 3-dimensional one-
hot vector for the MVSA datasets, indicating negative, neutral, and positive sentiment,
respectively. To further improve the generalization ability of our proposed method, we also
conduct experiments on multimodal sarcasm-detection datasets, where the labels are split
into sarcasm and non-sarcasm. The mapping between these sarcasm detection labels and
sentiment labels follows the approach of Wei et al. (2023): sarcasm labels are mapped to
negative sentiment, and non-sarcasm labels are mapped to positive sentiment. N refers to
the total number of samples in the dataset, and the text-image pair (X, X lj ) is fed into the
model F to predict the task-specific label, which realizes the corresponding multimodal
classification goal:

F(X,j,Xij)r—>yj. (2)

This formulation describes the prediction process of the model for each text-image pair in
the dataset.

3.2. Feature Extraction Module

3.2.1. Text Feature Extraction

A pre-trained model, RoOBERTa-base (Liu, 2019), trained on large-scale datasets, is used as
the text encoder. First, the text is split into a sequence of tokens, and then these sequences
are input into ROBERTa to obtain text features T € RE*Sxdi \where B is the batch size,
S is the token-sequence length, and d; = 768, as represented by the following formula:

T = RoBERTa(X,) = [ty, ta, ..., ts], 3)

where t, € RE*% represents the batch of embeddings at token position e. The equivalent
element-wise notation used below is T}, 5 4.

3.2.2. Image Feature Extraction
We employ the Vision Transformer (ViT) (Dosovitskiy et al., 2020) as our image encoder.
Initially, the input image X; with a fixed size of 224 x 224 x 3 (height x width x channels)
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is segmented into a collection of m-flattened 2D patches. These patches are subsequently
fed into ViT to extract image features Y, € R™*dv ag jllustrated in equation (4):

YU = ViT(Xi)=[31,32,-~yem]» (4)
where ¢, € R% is the embedding of the p-th image patch.
3.3. Dynamic Frequency Domain Decoupling Module

To accurately capture sentiment-related features within an image, our method employs
the Discrete Wavelet Transform (DWT) to decompose the image data into specialized
frequency domains, thereby preserving both global structure and fine-grained textures
(Zhao et al., 2021). Specifically, we utilize time-frequency analysis techniques—including
wavelets (Mallat, 1989; Daubechies and Heil, 1992)—to minimize noise while isolating
distinct visual components. Through a series of low-pass and high-pass filtering opera-
tions, our model decomposes the input into four sub-bands: L L (Low-Low), LH (Low-
High), HL (High-Low), and H H (High-High). In our technical framework, the L L sub-
band constitutes the Low-Frequency (LF) domain, which retains the overall contour and
large-scale global information necessary for understanding the primary sentiment ten-
dency (Huang et al., 2021). Simultaneously, the combination of LH, HL, and H H sub-
bands forms the High-Frequency (HF) domain, which focuses on extracting horizontal,
vertical, and diagonal edge details. By decoupling the image into these domains, the model
can effectively capture subtle visual cues—such as textures and corners—that are often
overlooked in spatial analysis but are vital for precise sentiment judgment. The formal
decomposition process, illustrated in Fig. 2, is expressed as follows:

S h
Yoe1 =DWTY) = (Y 0 Yp 1) ®)
DWT L H
g
High Freq (LH) 2
|
LL LH
High Freq (HL) High Freq (HH)
HL HH

Fig. 2. Illustration of the discrete wavelet transform decomposition process used in the proposed frequency-
domain decoupling module.. The input image is first subjected to low-pass and high-pass filtering in the hori-
zontal direction, then filtered again in the vertical direction, resulting in four sub-bands: LL, LH, HL, and HH.
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where Y, +; € R* is a three-dimensional tensor, where b is the batch index, c is the
number of patches in the image, ¢’ denotes the adjusted number of image patches after
decomposition, and / is the embedding hidden layer dimension. The wavelet transform
decomposes the input image into low-frequency feature Yzf, o and high-frequency feature
YZ,C’ g
In this module, we implement a Global Semantic Sentiment Component (GSSC) and
a High-Frequency Filtering Component (HFFC). After processing the GSSC and HFFC
components separately, we use the inverse wavelet transform to synthesize the processed
LF and HF parts back into the original feature space. The processed LF component, de-
noted as Ygg‘, ; With the superscript 3 indicating the output of GSSC, and the processed
HF component, denoted as Yz:f,’ ; With the superscript ¢ indicating the output of HFFC,
together reconstruct the final image. This process can be expressed by the following for-
mula:
Yy = IDWT (Y5 . Yy ) ®)

sC

which defines the corresponding representation.

3.3.1. Global Semantic Sentiment Component

The LF components of the visual modality often carry richer global sentiment semantics.
By leveraging ViT’s image sequence modelling capability, we can apply sequence en-
hancement methods to images. In recent years, state space models have developed rapidly
in the field of sequence modelling (Gu et al., 2021, 2022; Fu et al., 2022), attracting the
attention of many researchers due to their linear computational complexity and ability to
model long-range dependencies. SSMs originated from control theory and model the dy-
namic evolution process of sequences through state equations, which can be expressed by
the following formula:

LW (t) = Ah(t) + Bx(t), y(t) = Ch(1), )

where A € R%*4 B and C are projection matrices, and dy denotes the state dimension,
which is different from the dataset size N defined in Section 3.1.

However, Mamba Gu and Dao (2023) further discretizes the parameters A and B into A
and B through the time scale parameter A. The discretization calculation can be expressed
as:

A =exp(AA), B = (AA) (exp(AA) — I) - AB. (8)
At this time, the continuous-time model in (7) yields the following discrete recurrence:
h, = Aht—l + th, y: = Ch,. )

Mamba has now achieved significant success in deep learning tasks (Ge et al., 2024;
Pan et al., 2025; Xie et al., 2024). To effectively enhance the latent sentiment features
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of an image, we introduce the bidirectional mamba (Zhu et al., 2024). This bidirectional
mamba not only processes the original features but also performs a flip operation on them,
enabling a deeper comprehension of contextual information and uncovering sentiment
connections between image and text.

In the meantime, inspired by Ye et al. (2025), we employ a collaborative Mamba ar-
chitecture to handle information interaction between image and text. However, unlike the
implementation in Ye et al. (2025), we do not use the same A matrix for both image and
text. Instead, we introduce a more refined parameterization of Mamba’s core state ma-
trix A, incorporating both a shared component and a modality-specific incremental com-
ponent. Specifically, we define a cross-modal shared core matrix Agpgreq for the model,
which is used to learn the fundamental dynamics and long-term dependencies common
across all sequential data. Building upon this, we introduce a sentiment modality-specific
incremental matrix A, and A, for each modality. This can be expressed by the following
formula:

(AL, 1'32) = Discretize(A¢, Aghared + Ac, Be),

L (10)
(A, Bgﬁ) = Discretize(Ay, Aghared + Ay, By).

where Discretize(A, A, B) maps the continuous-time pair (A, B) to (A, B) using the

input-dependent step size A. Thus, both state-space arguments are explicit. After the col-

laborative Mamba, the image and text representations are concatenated and linearly trans-

formed.

3.3.2. High-Frequency Filtering Component

The HF information in the image often contains noise components, and direct processing
may disrupt the continuous semantic information captured by ViT. While ViT captures
HF information from an image, it also maintains global semantic consistency. Therefore,
directly using the image’s HF information for processing may lead to excessive filter-
ing of these HF components, thereby destroying important sentiment cues. To avoid this
issue, we introduce a text-based semantic filtering mechanism that leverages textual se-
mantics to generate a weight matrix, enabling refined suppression of HF noise in images
via a frequency-band-aware approach. Additionally, based on the image features filtered
by text semantics, we incorporate a residual connection to preserve the image’s core se-
mantic information during filtering, thereby achieving more accurate sentiment analysis.
The weighted values of the image HF Yb iy and the text features are calculated through
the Multi-Head Attention mechanism. For the Multi-Head Attention mechanism, we can
expand it into a weighted sum of multiple heads:

H
hf, j hf, j
Ab,c‘{,l = Z aq : Attnq (Yb,cf,l’ Tb,S,d7 Tb,S,d)’ (1 1)
g=1

where H is the number of attention heads, g is the summation index, «, is the weight of
head ¢, and the left-hand side does not retain the dummy head index. We obtain the filter
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. W/ . . .
matrix gp 1 € RE* 1x¢" through a convolution operation, which can be expressed as:

g o =0 (Convig(Ay7 ), (12)

where o (-) denotes the sigmoid function, and Convy,(-) denotes a one-dimensional con-
volution operation. Therefore, the denoising of the HF YZZ/ ; can be expressed by the
following formula:

h,j.t

h,j h i
Y,! by =Yp o1 O8 - (13)

pet = Y

This operation represents the denoising process of the high-frequency features. We store
multiple HF features in a list, which can be represented as:

h,j,e list h,t
Yy o1 = Yo (14)

This formulation indicates that the denoised high-frequency features are aggregated into
a list for subsequent processing.

3.4. Multi-Grained Semantic Purification Module

In multimodal tasks, text data often contains rich information, and appropriate processing
of text is essential for these tasks (Wang et al., 2024; Sun et al., 2024). However, text often
contains various types of noise that manifest at different granularities, negatively affecting
the accuracy of sentiment analysis. To effectively address this issue, we designed a Multi-
Grained Semantic Purification Module. This module aims to refine text data by filtering
out noise at different granularities, thereby extracting more precise sentiment information.
To further enhance temporal feature representation, we first apply a causal convolutional
operation to extract local temporal dependencies.

Z,s,d = ’C(Tb,s,d) O] G(Wg : Tb,s,d + bg)v (15)

where s is the sequence length. The causal convolution operation /C enhances the rep-
resentational capacity of temporal features. Subsequently, we generate multi-level feature
representations using a multi-grained feature-extraction method that combines multi-head
self-attention, convolution, and mean pooling. The formula for calculating the weight dis-
tribution for the input text features Tz’ 5.q 18 as follows:

Gb,s,d = U(LN[A( i,s,d)’ C( i,s,d)’ M(Ti,s,d)])’ (16)

where o (-) denotes the sigmoid activation function, and LN(-) denotes layer normaliza-
tion (Ba et al., 2016). A(Tp,5,4) denotes the multi-head self-attention operation, C(Tp s 4)
denotes the convolution operation, and M (T} s.4) denotes the mean pooling operation.
Then, Gp 5.4 is used to weight and adjust the features processed by causal convolution,
yielding the dynamically adjusted feature representation as follows:

Ty sa="Thsa©Gbs.a- (17)
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This operation produces the dynamically adjusted feature representation after applying
the learned gating mechanism.

3.5. Cross-Spectral Interaction Module

After processing, crucial information in both image and text features is preserved. To
capture the correlation between image and text more precisely, we employ bidirectional
cross-modal attention for interaction. Bidirectional cross-modal interaction is modelled
in two directions: Ey — Eg, where (Ea, Eg) € {(Y) o). T3 ). (T3, 4. Yp'))). This
approach improves the complementarity between image and text information, enhancing
the model’s understanding of deeper relationships between the two modalities.

Cy = Couss(Eq, Eﬂ)
(WoEo)(WgEg)T
N dk
where E, and Eg denote the feature representations of two modalities (e.g. image and

text), Wy, and Wg are learnable projection matrices, di denotes the scaling dimension,
and Cogy(+) denotes the cross-modal attention operation. Simultaneously, to enhance se-

= softmaxlg( )(W,gE,g), (18)

quence position awareness, we introduce rotary positional embeddings for both the input
query and the key (Su er al., 2024). Next, we concatenate the processed image features
Ging € Rb-¢! | text features G,y € RP54, and cross-attention features C, € R?¢! and
Cs € R?:4_ The concatenation operation joins these features column-wise, yielding a
new combined feature:

Fy = C[Gimg7 Gixr, Co,s C/S]a (19)

where C denotes the concatenation operation, and F,, € RO represents the concate-
nated feature. We then compute the mean of the merged features, fusing the multimodal
features into a more compact representation:

S/
1
Ffused = ? E Fy,:,j,:» (20)
j=1

where Fpyeq € RB*dr is the final fused representation, S’ is the total number of con-
catenated positions, and d s is the common projected feature dimension. This removes the
previously undefined normalizing constant 4D.

3.6. Optimization and Classification
3.6.1. Optimization

For the loss function, we use Focal Loss (Lin et al., 2017) as the primary loss, combined
with the proposed dual-domain loss as an auxiliary loss. These are integrated through
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learnable parameters. The Focal Loss function is defined as follows:
Lppcar(X, y) = —ay (1 — softmax(x)y)” log(softmax(x)y), (1)

where x represents the network output (logits), y denotes the ground-truth class label,
softmax(x), denotes the predicted probability of class y, ay is the class-specific balancing
factor, and y is the focusing parameter that emphasizes hard-to-classify samples. The final
Focal Loss for each sample is calculated as follows:

Liocat = —aty(1 — Py)” log Py, (22)

where P, denotes the predicted probability of the ground-truth class. The dual-domain
loss comprises a spatial gradient loss and a frequency-domain loss. The spatial term pre-
serves structural information by comparing horizontal and vertical finite differences of the
reconstructed and target representations. The frequency-domain loss measures the trans-
formed reconstruction error. The spatial gradient loss is defined as follows:

B
£spazial — Z(“ VXXjZnal _ VXtharget”§ + “VijZnal _ VyXerget”;)’ (23)
b=1

where B denotes the batch size, V, and V, are first-order finite-difference operators along

the two spatial axes, and X;arger is the target representation.

The frequency domain loss is defined as follows:

B C L
Loeg=3_ 3 2 IDWTX = X&),

b=1c=1I=1

(24)

where DWT represents the discrete wavelet transform, and || - ||§ denotes the squared £;
norm. The correction here moves the DWT inside the L2 norm calculation: first compute
the difference between the reconstructed and original image, then perform DWT on the
difference tensor, and finally calculate the L2 norm of the transformed result to measure
the reconstruction error in the frequency domain.

The total dual-domain loss is combined through adaptive weighting of the spatial and
frequency domain losses:

Layal = Acspatial + (Ufﬁfreqa (25)
where w; and wy are learnable weight parameters used to control the relative importance

of the spatial and frequency domain losses. The final total loss is the weighted sum of the
Focal Loss and the dual-domain loss:

Ltalal = Lfocal + )Mcdual s (26)
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where A is a learnable parameter that adjusts the weight balance between the focal loss
and the dual-domain loss. By learning this weighted loss, the model can simultaneously
optimize both classification accuracy and image reconstruction quality.

3.6.2. Classification
After fusing cross-modal information through the Cross-Spectral Interaction Module, we
project it into the classification space. The formulation is as follows:

r=W, (LN(Eﬂ,{SEd)) + be, 27
y = softmax(r), (28)

where LN(-) denotes layer normalization, W, € RX*4s and b. € RX are classifier pa-
rameters distinct from the purification-gate parameters W, and by, d is the fused feature
dimension, and K is the number of classes (K = 3 for MVSA and K = 2 for HFM). The
softmax output is consistent with the multiclass Focal Loss.

4. Experimentation
4.1. Datasets

All our experiments were conducted on the publicly available datasets MVSA-Single,
MVSA-Multiple (Niu ez al., 2016), and HFM (Cai et al., 2019). MVSA-Multiple is an
enhanced version of MVSA-Single, featuring a larger number of image-text pairs suit-
able for sentiment analysis. We adopted the same preprocessing strategy as Xu and Mao
(2017). The HFM dataset is primarily used for multimodal sarcasm detection, a task with
two sentiment polarities: positive and negative. For a fair comparison, we used the con-
sistent data preprocessing method described in Cai ef al. (2019). A statistical analysis of
the datasets is presented in Table 1.

MVSA-Single and MVSA-Multiple are available at.' The HFM dataset can be down-
loaded from.”

Table 1
Overview of data statistics.

Dataset Negative Neutral Positive Total
MVSA-S 1358 470 2683 4511
MVSA-M 1298 4408 11318 17024
HFM 14075 - 10560 24635

Thttps://merlab.net/research/mysa-sentiment-analysis-on-multi- view-social - data/
2https://github.c0m/headacheb«')y/data— of-multimodal-sarcasm-detection


https://mcrlab.net/research/mvsa-sentiment-analysis-on-multi-view-social-data/
https://github.com/headacheboy/data-of-multimodal-sarcasm-detection
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4.2. Hyperparameter Settings and Evaluation Metrics

4.2.1. Hyperparameters

The number of output categories is set according to the target dataset, i.e. 3 for MVSA-
Single and MVSA-Multiple, and 2 for HFM, and the maximum text length is 100. The base
learning rate is set to le-6 following validation-based tuning, while the GSSC module
uses a larger learning rate of 3e-5. In the Focal Loss, the balancing factor « is set to a
vector of all ones with a length of 3, and the focusing parameter y is set to 2. The batch
size is configured to 12, balancing training efficiency with memory usage. Furthermore,
to enhance computational efficiency, avoid local optima, and achieve faster convergence,
this paper utilizes the Adam optimizer. We train the model for 50 epochs in total. For the
pre-trained model, we adopt RoOBERTa-base (12 layers, hidden size 768) and ViT-B/16
(12 layers, patch size 16 x 16) as the text and image encoders, respectively.

4.2.2. Hardware Configuration

All experiments are conducted on a server equipped with an Intel(R) Xeon(R) Gold 6230
CPU @ 2.10 GHz, 256 GB RAM, and 1 NVIDIA RTX 4090 GPU with 24 GB memory.
The runtime environment is Python 3.12, PyTorch 2.3.0, and CUDA 11.6. The average
training time per epoch is approximately 12 minutes for the MVSA-Single dataset, 28 mi-
nutes for the MVSA-Multiple dataset, and 45 minutes for the HFM dataset.

4.2.3. Evaluation Metrics
We adopt four widely used evaluation metrics from existing works: Accuracy, Precision,
Recall, and F1-score.

4.3. Comparison of Experimental Results

4.3.1. Baselines
To validate the feasibility of our approach, we compare it with various existing methods,
detailed as follows:

Text-modality mode.

e CNN (Kim, 2014): A Convolutional Neural Network that achieves its results by re-
peatedly convolving over local features, making it suitable for scenarios involving local
pattern modelling.

e BiLSTM (Zhou et al.,2016): A variant of RNN that has achieved excellent performance
in text processing through its sophisticated gating mechanisms.

e BERT (Devlin et al., 2019): A pre-trained model learned from a large corpus of knowl-
edge, offering stronger feature representation capabilities compared to traditional neural
networks.

Image-modality mode.

e ResNet-50 (He et al., 2016): A pre-trained model based on a Convolutional Neural
Network architecture.
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Table 2
Experimental results of multiple comparative models on MVSA and HFM datasets.
Modality Method MVSA-single MVSA-multiple HFM
Acc. FI. Acc. Fl1. Acc. FI.
CNN 0.6819 0.559 0.6564 0.5766 0.8003 0.7532
Text BiLSTM 0.7012 0.6506 0.679 0.679 0.819 0.7753
BERT 0.7111 0.697 0.6759 0.6624 0.8389 0.8326
Imace ResNet-50 0.6467 0.6155 0.6188 0.6098 0.7277 0.7138
& ViT 0.6378 0.6226 0.6194 0.6119 0.7309 0.7152
MultiSentiNet 0.6984 0.6984 0.6886 0.6811 0.8103 0.7799
HSAN 0.6988 0.669 0.6796 0.6776 0.8174 0.7874
Co-MN-Hop6 0.7051 0.7001 0.6892 0.6883 0.8344 0.8018
Multimodal MGNNS 0.7377 0.727 0.7249 0.6934 0.8402 0.8060
4 CLMLF 0.7533 0.7346 0.7200 0.6983 0.8543 0.8487
MVCN 0.7606 0.7455 0.7207 0.7001 0.8568 0.8523
CTMWA 0.7591 0.7574 0.7402 0.7384 - -

Ours 0.7711 0.7680 0.7406 0.7400 0.8589 0.8405

e ViT (Dosovitskiy et al., 2020): A Transformer-based model that processes images by
treating them as sequences.

Multi-Modal mode.

e MultiSentiNet (Xu and Mao, 2017): Identify sentiment by extracting vocabulary that
significantly influences the sentiment of the entire tweet.

e HSAN (Xu, 2017): The model leverages image captions to derive visual features, pro-
viding extra context for the text.

e Co-MN-Hop6 (Xu et al., 2018): Modelling the interaction between image and text and
using shared memory to assist in the analysis.

e MGNNS (Yang et al., 2021): A multi-channel graph neural network has been designed
specifically for sentiment detection.

e CLMLF (Lietal.,2022): It aligns and fuses multimodal features based on a Transformer
encoder, and employs two contrastive learning tasks to assist in modelling.

e ITIN (Zhu et al., 2022): By utilizing cross-modal alignment and gating mechanisms,
the performance of the model has been improved.

e MVCN (Wei et al., 2023): A new Multi-View Calibration Network designed to tackle
the issues of modality heterogeneity.

o CTMWA (Zhang et al., 2024): The reliability of the model has been enhanced in cases
of modality absence and information imbalance through a cross-modal translation net-
work and a single-modal weight adaptation strategy.

4.3.2. Comparative Experimental Results and Analysis
To effectively assess our model’s performance, we conducted extensive comparative ex-
periments, as shown in Table 2. Additionally, we performed the following experimental
analyses:

1) Experimental data consistently show that the text modality generally outper-
forms the image modality in all tests. Specifically, the BERT model outperformed the
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image-based ViT and ResNet-50 models. For instance, in the MVSA-Single task, BERT
achieved an accuracy of 0.7111 and an F1-score of 0.6970, whereas ViT’s accuracy was
only 0.6378 and its F1-score was 0.6226, significantly lower than BERT’s. The superior
performance of the text modality is primarily attributed to the rich contextual information
inherent in text data, which is crucial for sentiment analysis. BERT can capture deeper
semantic associations and sentiment features, thus exhibiting stronger expressive capa-
bilities in sentiment analysis tasks. In contrast, sentiment features in the image modal-
ity are often more implicit, and extracting image features is influenced by factors such
as content and resolution, which can lead to inferior performance in sentiment analysis.
Therefore, the powerful semantic modelling capability of the text modality provides a
more distinct advantage in sentiment analysis tasks, while the image modality performs
relatively weaker due to its limitations.

2) Compared to single-modality approaches, multimodal methods generally ex-
hibit superior performance. For example, in the MVSA-Single task, the multimodal
method CTMWA achieved an accuracy of 0.7591 and an F1-score of 0.7574, while the
single-text modality BERT had an accuracy of 0.7111 and an F1-score of 0.6970, and the
single-image modality ResNet-50 performed even worse. Multimodal methods leverage
the strengths of both images and text by integrating them. Text provides rich semantic
information, while an image can offer complementary visual cues, especially for senti-
ment with visual manifestations. For instance, in tasks with clear sentiment polarity, an
image might help the system understand the sentiment context, while text provides precise
sentiment words and contextual information. The complementarity of the two modalities
enables multimodal methods to provide more comprehensive information in sentiment
analysis tasks, thereby improving the model’s accuracy and robustness. Consequently,
multimodal methods effectively enhance performance in sentiment analysis tasks through
cross-modal feature fusion, capturing sentiment information more comprehensively than
single modalities and thus improving overall performance.

3) FDSF-Net achieves competitive, but not uniformly superior, performance rela-
tive to the compared multimodal methods. In Table 2, it obtains the highest reported ac-
curacy and F1-score on MVSA-Single and the highest reported values on MVSA-Multiple
by small margins under the adopted single-run setting. On HFM, it achieves the highest
accuracy (0.8589), whereas its F1-score (0.8405) is lower than those of CLMLF (0.8487)
and MVCN (0.8523). Accordingly, these results support the competitiveness of the pro-
posed design, but they do not establish uniform superiority. Because repeated-run vari-
ance and significance tests are unavailable, the small numerical differences, particularly
on MVSA-Multiple, should be interpreted cautiously and not as statistically significant
improvements.

The HFM results further suggest that FDSF-Net can be applied to multimodal sarcasm
detection. Its accuracy is competitive with the compared methods, while its F1-score does
not exceed the strongest baselines. We therefore regard this experiment as preliminary
evidence of cross-task applicability rather than proof of superior generalization.
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Table 3
Ablation study results, MFS denotes equally fusing the image and text features as Li ez al. (2022).
Model MYVSA-single MVSA-multiple HFM
Acc. FI. Acc. FI. Acc. FI.

BERT 0.7111 0.697 0.6759 0.6624 0.8389 0.8326
ViT 0.6378 0.6226 0.6194 0.6119 0.7309 0.7152
MFS 0.7217 0.7205 0.7063 0.6851 0.8434 0.8375
Only I 0.6988 0.669 0.6796 0.6776 0.7309 0.7152
Only T 0.7051 0.7001 0.6892 0.6883 - -

w/o DS 0.7511 0.7458 0.7294 0.7284 0.8468 0.8286
w/o DS-H 0.7644 0.7590 0.7329 0.7319 0.8522 0.8339
w/o DS-L 0.7578 0.7524 0.7318 0.7308 0.8506 0.8323
w/o DS-D 0.7556 0.7502 0.7312 0.7302 0.8489 0.8307
w/o C 0.7622 0.7568 0.7371 0.7361 0.8535 0.8352
w/o M 0.7667 0.7613 0.7388 0.7378 0.8551 0.8367
w/o S 0.7689 0.7634 0.7400 0.7390 0.8572 0.8388
All 0.7711 0.7680 0.7406 0.7400 0.8589 0.8405

4.3.3. Ablation Study Results and Analysis

To thoroughly validate the effectiveness of our proposed method, we conducted ablation
experiments on the two MVSA datasets and HFM, as shown in Table 3. The experimental
scenarios are primarily as follows:

e Only I: Indicates using only image representation.

e Only T: Indicates using only text representation.

e w/o DFDD: Represents removing the Dynamic Frequency Domain Decoupling module
to observe its impact on model performance.

e w/o DFDD-H: Removes the image HF-domain operation.

e w/o DFDD-L: Removes the image LF-domain processing operation.

e w/o DFDD-D: Removes both the image LF- and HF-domain operations, retaining only
the frequency transformation.

e w/o C: Removes the Cross-Spectral Interaction Module.

e w/o M: Removes the Multi-Granularity Semantic Purification module.

e w/o S: Removes the Spectral Domain Dual Domain Loss, retaining only the classifica-
tion loss.

e All: Our proposed complete model.

The ablation results show the largest observed decrease when the Dynamic Frequency
Domain Decoupling (DFDD) module is removed, followed by the DFDD-D, DFDD-L,
and DFDD-H variants. Removing the complete DFDD module eliminates differentiated
LF/HF processing; removing DFDD-D retains the transform but removes the decoupling
operations; and the DFDD-L and DFDD-H variants isolate the contributions of low- and
high-frequency processing. These are descriptive single-run comparisons and are not pre-
sented as statistically significant differences.

Furthermore, we analysed the contributions of the Multi-Granularity Semantic Purifi-
cation Module (M), Cross-Spectral Interaction Module (C), and Spectral Domain Dual
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Domain Loss (S) to model performance. The experimental results show that removing
the M module had the most significant impact on model performance, followed by the C
and S modules. Specifically, after removing “w/o M”, the model lost its ability to perform
multi-granularity purification of text information. This module optimizes text features via
multi-level semantic extraction, enabling the model to better understand the complex re-
lationship between images and text. Without the M module, the model’s accuracy in mul-
timodal understanding significantly decreased, particularly in deep fusion of image and
text. After removing “w/o C”, the cross-spectral interaction module no longer established
an effective connection between text and image features, leading to a noticeable weaken-
ing of their fusion capability and affecting the model’s overall performance in cross-modal
tasks. Finally, after removing “w/o S, although this loss function helps enhance the con-
sistency between image and text in the frequency domain, allowing them to align better,
its impact on overall performance improvement was relatively limited compared to other
modules. Overall, despite the unique role of the S module, its contribution to performance
improvement was less significant than that of the M and C modules, indicating that the
precise extraction and efficient fusion of text and image features are crucial for the success
of multimodal tasks.

In summary, the ablation results indicate that each module contributes to the reported
single-run performance. In particular, removing the Dynamic Frequency Domain Decou-
pling module produces the largest observed decrease. These descriptive differences sup-
port the usefulness, rather than establish the statistical superiority, of the complete model.

4.4. Hyperparameter Analysis

In deep learning, the choice of hyperparameters significantly impacts model performance.
For the Multimodal Sentiment Analysis Model with Frequency-Domain Decoupling and
Semantic Filtering proposed in this paper, the order of the Discrete Wavelet Transform
(DWT) is a crucial hyperparameter. To thoroughly understand its influence on model per-
formance, a series of experimental analyses was conducted, as shown in Fig. 3. The re-
sults indicate that the model performs best when using the db2 wavelet basis, while dbl
performs significantly worse, and the performance of db3, db4, and db5 decreases sequen-
tially.

Wavelet Order Performance Comparison Wavelet Order Performance Comparison

0.761

0.741 0.734

Metric Value
Metric Value

0.721

b4 b5 b1 db2 b3 dba dbs

b1 b2 b3
Wavelet Order Wavelet Order

Fig. 3. Wavelet order analysis.
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Specifically, the advantage of the db2 wavelet basis lies primarily in its balanced
frequency-domain decoupling, which enables it to effectively process both LF global se-
mantic information and HF noise in an image. db2 can not only precisely extract important
semantic features from an image but also avoid excessive filtering that could lead to the
loss of sentiment information, thereby enhancing overall model performance. In contrast,
while the dbl wavelet basis is relatively simpler, its frequency-domain decomposition
ability is weaker, failing to effectively handle complex image details. Our method pro-
vided insufficient noise suppression, leading to poorer model performance. Furthermore,
although db3, db4, and db5 may offer advantages in processing certain frequency-domain
details, their overly detailed decomposition methods can lead to excessive filtering and loss
of image information, especially in finding a suitable balance between noise reduction and
feature retention, ultimately causing a gradual decline in model performance. Therefore,
db2 performs optimally in this model because it can suppress unnecessary noise while
preserving effective information, thus maximizing the model’s effectiveness.

4.5. Visual Analysis

To gain a deeper, more intuitive understanding of how our model processes multimodal
data, we employed various visualization methods to observe it from different perspectives.

4.5.1. Heatmap Analysis

To further explore the sentiment information our proposed model learns from multimodal
data, we conducted a visual analysis of four sample sets from the MVSA dataset using
Grad-CAM. We computed each token’s contribution to the classification result using the
model’s last attention layer’s output and gradients. These contributions were then mapped
back to the original image’s spatial locations, generating heatmaps as shown in Fig. 4.

(a). RT @PresidentRaps: Bill Clinton singing

Blurred Lines by Robin Thicke

(c). At #Costco gas, ever feel like your gas-pumping (d). The problem is we dont want to share! We treat
abilities are being judged by people behind you? them like they dont exist! #feelingsorry #ashamed
#performanceanxiety #helpless

Fig. 4. Sample heatmap of MVSA dataset.
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The heatmaps reveal that when key semantic features in the text are taken into account,
critical regions of the image receive more attention. Based on the model’s capture of the
image’s global structure, irrelevant information did not hinder attention to these crucial
regions. This is primarily thanks to the model’s understanding of the image’s overall struc-
ture, and also due to our method’s ability to, to some extent, mitigate the interference of
potential noise in the image on the model’s comprehension. For example, as shown in the
first example of Fig. 4(a), when keywords like ‘“PresidentRaps” and “singing” appear in
the text, the model focuses more on the person’s area in the image, making it easier to
extract sentiment cues and enhance the understanding of user sentiment. When consider-
ing the potential sentiment information contained in “treat them” in Fig. 4(d), the “them”
in the image was effectively attended to by the model, which is attributed to our model’s
comprehensive understanding of the image’s global structure.

4.5.2. Feature Distribution Analysis
To more intuitively demonstrate the spatial distribution of features before and after pro-
cessing by the Dynamic Frequency Domain Decoupling Module, we used t-SNE to re-
duce the dimensionality of features from the MVSA dataset and visualized the results as
2D scatter plots, as shown in Fig. 5.

By comparing the visualization effects of both scenarios, we can clearly observe that
before processing by the Dynamic Frequency Domain Decoupling Module, features of
the same class were relatively dispersed in space, with significant overlap between dif-
ferent classes. This sparsity in feature distribution and inter-class overlap made it diffi-
cult for the model to distinguish among categories, resulting in lower performance. How-
ever, after processing by the Dynamic Frequency Domain Decoupling Module, we ob-
served that features of the same class tended to cluster spatially, and the overlap between
classes decreased significantly. This optimized feature distribution provided the model
with clearer class boundaries, enabling it to more easily identify and distinguish different
sentiment categories, thereby significantly improving model performance in sentiment
analysis tasks.

e positive ® positive
neutral

neutral
® negative

Fig. 5. The feature space distribution of the MVSA dataset before and after processing by the DSDD module.
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Original Image Edge Detection

LL (Low-Low) - PCA

LH (Low-High) - PCA

HL (High-Low) HL (High-Low) - PCA

HH (High-High) HH (High-High) - PCA

Fig. 6. PCA dimensionality reduction visualization of image frequency domain transformation process.

4.5.3. Visual Analysis of Different Sub Bands

In the frequency-domain analysis of an image, LF components carry the main content
and global structural information, typically reflecting its overall outline, basic shapes, and
general features. These LF components are crucial to an image’s overall perception, as
they convey its primary structure and visual characteristics. In the frequency domain, the
LF region is often the key area that best represents the image’s global structure. Therefore,
by extracting LF components, we can intuitively obtain a global view of the image.

As shown in Fig. 6, as the frequency gradually increases, the HF components of the
image begin to emerge. This HF information contains the detailed parts of the image, such
as textures, edges, and minute structural features. The HF provides finer image details,
making the contours and layers of these details clearer. However, an increase in frequency
not only provides more detail but also introduces additional noise components, which
typically manifest as chaotic HF variations in the image. As the frequency increases, the
global structural information in the image gradually blurs, while details become more
complex and contain more irrelevant noise. Therefore, in image processing, balancing the
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Image Text Probability Label

View from
#theshard only floor
32 and am feeling
#dizzy lol

0.5249 negative

Where theres a
whisk, theres a way.
#powerless
#bakersgonnabake

0.8713 neutral

@MrsRachelHudson
(-) ella- Te quiero....-
susurra mordindose 0.9958 positive
el labio inferior
mirndola a los ojos-

Fig. 7. Case study.

extraction of LF and HF information, especially effective noise suppression, is a critical
issue in image analysis. Through frequency domain analysis, we can clearly distinguish
the main structural components from noise in an image, thereby enhancing the model’s
sentiment analysis capabilities.

4.6. Case Study

To further explore the performance of our proposed model in sentiment analysis, we se-
lected several representative cases for in-depth analysis, as shown in Fig. 7. This aims to
comprehensively evaluate the model’s robustness and accuracy. The analysis results indi-
cate that when image information is unclear or somewhat ambiguous, the model struggles
to determine sentiment polarity, primarily because it lacks the ability to extract and under-
stand the global sentiment tone. For instance, in the first case, despite explicit sentiment
cues such as “feeling dizzy lol” in the text, the model’s confidence in its judgment was
low due to the ambiguity of the image’s sentiment.

In contrast, in the other two cases in the table, the model demonstrated higher confi-
dence in its judgment. For example, in the third case, the prominent flowers in the image
mostly convey positive sentiment. Concurrently, the model effectively suppresses noise
information outside the target object in the image, preventing it from interfering with sen-
timent analysis. The results above indicate that our proposed model has strong capabili-
ties for extracting sentiment information from both images and text, thereby enhancing its
overall performance in sentiment analysis.

5. Concluding Remarks and Future Work

This work introduces the Frequency Domain Decoupling and Semantic Filtering Network
(FDSF-Net) for multimodal sentiment analysis. The model addresses multimodal noise
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through differentiated processing of image-frequency components and semantic filtering
of text. Under the reported single-run setting, FDSF-Net achieves competitive results on
the evaluated sentiment-analysis datasets and shows potential applicability to multimodal
sarcasm detection. These results should not be interpreted as statistically significant dif-
ferences because repeated-run variance estimates are not available.

However, our method has limitations. When the sentiment information in an image is
unclear or ambiguous, the model struggles to determine sentiment polarity. Its discrimi-
native performance is particularly limited when the global sentiment tone is indistinct or
when there is significant interfering information in the image. This might be due to our
model’s insufficient handling of global sentiment tone information. Future work will fo-
cus on more refined image processing methods. To address the model’s limitations when
image sentiment is unclear, we plan to incorporate more advanced visual understanding
techniques to improve its sensitivity to subtle sentiment expressions in images. Addition-
ally, future efforts could involve introducing additional sentiment-related multimodal data
and optimizing data preprocessing methods to further improve the model’s robustness and
accuracy across complex, varied scenarios.
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