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Abstract. Multimodal Sentiment Analysis leverages the fusion of heterogeneous
data to achieve fine-grained emotional understanding, which finds extensive appli-
cation in large-scale public opinion monitoring and data mining. However, exist-
ing methods face two key challenges: (1) cross-modal alignment suffers from re-
dundancy and semantic drift without explicit modeling of sentiment-critical cues,
inducing spurious correlations; and (2) heterogeneous representation spaces lead
to imbalanced modality contributions, particularly under weak image—text correla-
tion or sentiment inconsistency. To address these challenges, we propose an explicit
sentiment-guided alignment and multi-dimensional cross-modal mutual supervision-
based model for multimodal sentiment analysis. The model primarily employs a
fine-grained sentiment—saliency directed alignment mechanism, which leverages
bidirectional cross-attention to couple textual sentiment cues with visual saliency,
enabling precise localization of sentiment-relevant regions. Furthermore, we intro-
duce a tripartite strong contrastive learning strategy to mitigate distribution discrep-
ancies between heterogeneous modalities within a shared latent space, thereby en-
hancing cross-modal coherence and complementarity. Finally, we design a noise-
robust gating-based fusion module, which, together with text augmentation and
deep supervision, facilitates effective joint optimization. Experimental results show
that SAMS-M obtains the best results on MVSA-Single and MSD and remains
competitive on the noisier MVSA-Multiple benchmark; thus, the evidence supports
strong but dataset-dependent performance rather than uniform state-of-the-art supe-
riority.

Keywords: Multimodal Sentiment Analysis, Cross-modal Alignment, Contrastive
Learning, Sentiment-guided, Noise-robust Fusion.
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1. Introduction

With the continuous evolution of digital media technology, human emotional expres-
sion has increasingly exhibited significant multimodal characteristics [26/50]. The con-
vergence of textual, visual, and other sensory modalities has established itself as a core
paradigm of emotional communication [22/11l68]. Given its extensive applications in
fields such as public opinion monitoring, intelligent interaction systems, and consumer
behavior analysis, multimodal sentiment analysis has become a frontier topic of con-
tinuous research in both academia [45]15]. In recent years, the emergence of advanced
pre-trained architectures, such as Transformer, BERT, and ViT, has fundamentally shifted
the paradigm from shallow fusion to deep semantic alignment [[24167]]. To further address
the challenges of semantic complexity, recent studies have increasingly focused on fine-
grained modeling and adaptive mechanisms. For instance, researchers have introduced
token-level reconstruction and two-stage denoising frameworks to compensate for miss-
ing modalities and preserve robust semantic structures [57472]. Furthermore, advanced
approaches utilizing prototype-aligned calibration and grading-inspired complementary
mechanisms have been proposed to dynamically balance the contributions of different
modalities [[13117], thereby significantly improving the accuracy of sentiment representa-
tion in scenarios where multimodal information is incomplete or noisy.In addition, recent
works have explored joint alignment, fusion, and denoising strategies by exploiting neigh-
borhood information, which provides a more holistic view of multimodal context [3].
Despite these advancements, the field continues to confront significant hurdles re-
garding the robustness and precision of sentiment representation. Specifically, how to
further enhance the reliability of emotional representation remains a subject worthy of
in-depth exploration, especially when dealing with complex multimodal data character-
ized by image-text semantic discrepancies, pervasive background noise interference, and
modal information asymmetry [23/49]]. Existing mainstream paradigms, while effective
at capturing general emotional cues, still have limitations for further optimization. First,
regarding cross-modal alignment, traditional global attention mechanisms tend to per-
form dense alignment. Although some recent text-centric sparse interaction methods [[70]
have attempted to optimize this interaction process, the challenge of how to precisely
focus on sentiment-critical elements in complex backgrounds—thereby mitigating spu-
rious correlations between non-sentiment textual redundancy and irrelevant image back-
ground noise—remains a focal point of current research [42/40]. Unlike existing align-
ment strategies that mainly emphasize modality correspondence at the feature or token
level, we argue that effective multimodal sentiment alignment should be guided by sen-
timent relevance rather than merely structural similarity. Therefore, explicitly identifying
sentiment-bearing information before cross-modal interaction is essential for reducing ir-
relevant semantic association and improving sentiment-oriented representation learning.
Second, the inherent heterogeneity in the semantic representations of text and images
makes it difficult to fully map the consistency of their distribution spaces. Although exist-
ing contrastive learning strategies have mitigated the modality gap to some extent, there is
still limitations for further exploration in maintaining global consistency and modal com-
plementarity in fused features [46/12l66/1]]. Moreover, most existing contrastive learning
approaches primarily focus on reducing representation discrepancies between modali-
ties, while insufficient attention has been paid to simultaneously preserving intra-modal
semantics, inter-modal correspondence, and fused representation consistency. This moti-
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vates us to construct a multi-dimensional mutual supervision strategy that provides com-
plementary constraints from multiple perspectives. Furthermore, existing fusion strategies
generally rely on xed or manually designed modality interaction patterns, which may fail
to adaptively handle modality imbalance and unreliable information caused by noisy or
inconsistent multimodal inputs.

To address these challenges, we propose SAMS-M, an explicit sentiment-guided align-
ment and multi-dimensional cross-modal mutual supervision framework for multimodal
sentiment analysis. Different from existing approaches that separately optimize cross-
modal interaction, representation alignment, and modality fusion, SAMS-M establishes
a progressive optimization paradigm consisting of three tightly coupled stages. First, in-
stead of performing indiscriminate global interaction, SAMS-M introduces a sentiment-
saliency directed alignment mechanism that explicitly identi es sentiment-bearing textual
tokens and visually salient regions, thereby reducing irrelevant background interference
during cross-modal association. Second, based on the aligned representations, a tripar-
tite mutual supervision strategy is designed to simultaneously constrain textual seman-
tics, visual semantics, and cross-modal consistency. This design prevents heterogeneous
modalities from drifting into independent representation spaces and encourages comple-
mentary rather than redundant information exchange. Third, a noise-robust gating fusion
mechanism dynamically adjusts modality contributions according to sample-speci c reli-
ability, allowing the model to adaptively suppress unreliable modalities under sentiment
inconsistency scenarios. Therefore, the novelty of SAMS-M does not originate from the
isolated adoption of individual components, but from establishing a progressive optimiza-
tion framework where sentiment-guided alignment provides reliable cross-modal repre-
sentations, mutual supervision enhances semantic consistency, and adaptive fusion fur-
ther exploits complementary modality information. Through this tightly coupled design,
SAMS-M simultaneously addresses sentiment localization, semantic distribution discrep-
ancy, and modality imbalance in multimodal sentiment analysis.

We summarize the contribution of this paper as below:

(1) We propose SAMS-M, a uni ed multimodal sentiment analysis framework that
integrates sentiment-guided alignment and multi-dimensional cross-modal mutual super-
vision. Different from conventional modality interaction strategies, SAMS-M explicitly
considers sentiment relevance during alignment and progressively improves representa-
tion consistency through mutual supervision.

(2) We design a sentiment-saliency directed alignment mechanism and a tripartite
mutual supervision strategy. The proposed alignment mechanism focuses cross-modal in-
teraction on sentiment-relevant information, while the mutual supervision strategy jointly
constrains intra-modal and inter-modal representations to reduce semantic inconsistency.

(3) We conduct extensive experiments on several public benchmark datasets, and the
results demonstrate the effectiveness and competitiveness of SAMS-M compared with
existing state-of-the-art methods.

2. Related work

2.1. Text sentiment detection

Before the widespread adoption of deep learning, traditional machine learning algorithms
dominated the eld of sentiment analysis. Moraes etlall [25] established the benchmark
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for bag-of-words models in document-level sentiment classi cation by comparing Sup-
port Vector Machines (SVM) with Arti cial Neural Networks (ANN). To address the

de ciency of sentiment expressions in speci ¢ domains, Kang et al. [18] effectively im-
proved the accuracy of restaurant review analysis by constructing domain-speci ¢ senti-
ment lexicons and optimizing the Naive Bayes algorithm. Building upon this, Wang et al.
[39] proposed the SentiDiff algorithm, which pioneered the integration of textual features
with sentiment diffusion patterns. By capturing emotional interaction logic within social
networks through iterative computation, this approach demonstrated the early advantages
of hybrid feature modeling. With the introduction of neural networks, models began to
acquire the capability to automatically extract high-level semantic features. Chen [6] pio-
neered the application of Convolutional Neural Networks (CNN) for sentence classi ca-
tion, proving the superiority of convolution kernels in capturing local semantic features.
Concurrently, Tai et al. [34] and Tang et al. [35] utilized Tree-Structured Long Short-Term
Memory (Tree-LSTM) and Gated Recurrent Units (GRU), respectively, to process the hi-
erarchical structure of text, thereby mitigating information loss in long-text modeling. To
further enhance context sensitivity, Usama et al. [38] integrated the attention mechanism
into a CNN-RNN hybrid model to achieve dynamic weighting of keywords, while Zhai

et al. [58] further proposed the Multi-Attention Fusion Model (Multi-AFM), signi cantly
enhancing semantic context capture in sentiment analysis scenarios involving educational
big data.

Inrecent years, the research focus has shifted toward deep semantic understanding and
ne-grained feature modeling. The SKEP model proposed by Tian et al. [36] refreshed
several benchmarks by injecting sentiment knowledge into pre-trained representations via
a sentiment masking mechanism. Dai et al. [7] veri ed the supportive role of syntactic in-
formation in Aspect-Based Sentiment Analysis (ABSA), demonstrating the potential of
RoBERTa in re ned sentiment recognition. Related studies further exploit graph struc-
ture and task-speci c affective knowledge: TS-GCN models aspect-level dependencies in
consumer reviews, sentiment-driven 3D-CNNs extract emotion—cause pairs, syntactically
weighted textual graphs improve implicit sentiment recognition, and sequence-labeling
pipelines expand sentiment lexicons from product reviews [64,55,60,63]. In terms of ex-
panding application scenarios, researchers have proposed diverse solutions: Bibi et al.
[3] optimized Twitter sentiment analysis using an unsupervised ensemble framework;
Parveen et al. [28] constructed a Gated Attention Recurrent Network (GARN); and Zhang
et al. [65] introduced PU learning to address the problem of fake review detection. Fur-
thermore, Wang et al. [43] realized the automated construction of ne-grained sentiment
lexicons via neural networks, while Rdduez-Ikafiez et al. [30] and Pashchenko et al.
[29] further re ned the analytical dimensions of consumer reviews from the perspectives
of platform synthesis and multi-dimensional attributes (such as sentiment and normativ-
ity), respectively.

In summary, although text-based sentiment analysis has achieved remarkable progress
driven by deep learning, and models demonstrate excellent performance in speci ¢ se-
mantic understanding, social media content in reality often exhibits high complexity.

A single textual modality is frequently insuf cient to fully encapsulate the rich human
emotional expression (e.g., composite emotions accompanying images and audio). There-
fore, breaking down modal barriers and integrating cross-modal information through deep
learning to achieve more precise emotional understanding has become a core challenge in
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the eld of affective computing, which serves as the primary motivation for this study on
multimodal sentiment analysis.

2.2. Multi-modal sentiment detection

Recent multimodal sentiment analysis increasingly centers on alignment and adaptive
fusion. MTVAF performs multi-level textual-visual alignment and fusion, CoDSF uses
con dence-guided dynamic sequential fusion, KuDA dynamically selects the dominant
modality using sentiment knowledge, and SMCAF introduces semantic-guided multi-
grained cross-modal alignment and fusion [19,48,10,21]. A multimodal semantic fusion
network with explicit cross-modal alignment provides further evidence that structured
image—text correspondence is central to sentiment representation [61]. Beyond conven-
tional polarity classi cation, topic-oriented knowledge prompting improves multimodal
sarcasm detection, while emoji-enhanced multi-feature fusion supports socially implicit
affective recognition [71,62]. These studies demonstrate the value of ne-grained cor-
respondence and sample-dependent modality weighting. In contrast, SAMS-M couples
sentiment-saliency-guided alignment with three simultaneous text—fusion, image—fusion,
and text—image constraints, and then uses a reliability-aware gate on the jointly regu-
larized representations. This mechanism-level combination differs from CLMLF's two
contrastive tasks, MVCN's calibration-oriented treatment of heterogeneity, CTMWAS
translation-based weight adaptation, and ITQT-MSAs quantum-transformer interaction:
SAMS-M explicitly makes sentiment relevance the input to alignment, uses the fused
representation as a shared contrastive anchor, and suppresses unreliable modalities only
after this mutual supervision. Early research in Multimodal Sentiment Analysis (MSA)
primarily focused on exploring shallow interactions between modalities. To mitigate the
limitations of unimodal analysis, researchers proposed various fusion architectures. Zhao
et al. [69] were among the rst to improve classi cation performance by exploring the
consistency between images and text. Subsequently, Truong et al. [37] introduced a vi-
sual attention mechanism to leverage image information for highlighting key sentiment
segments in text. To further characterize long- and short-term dependencies, Xu et al. [54]
proposed a multi-interaction memory network, effectively supervising cross-modal data
ows. Recently, to capture deeper correlations, Wang et al. [41] and Wu et al. [45] intro-
duced manifold learning and graph structures, enabling synchronized modeling of intra-
and inter-modal information, which laid the foundation for subsequent complex interac-
tion networks.

With the progression of research, addressing heterogeneity and noise interference in
multimodal data has become a new focal point. To cope with semantic asymmetry be-
tween text and images, Wu et al. [46] effectively balanced inter-modal consistency via
contrastive learning. Addressing interference issues in ne-grained sentiment analysis,
Wang et al. [42] and Wang et al. [40] proposed strategies to Iter redundant informa-
tion, aiming to reduce the negative impact of background noise on sentiment determina-
tion. Furthermore, Han et al. [12] and An et al. [2] leveraged graph neural networks and
gating mechanisms to enhance model robustness in complex scenarios. However, these
graph-based approaches mainly focus on modeling structural dependencies and reduc-
ing noisy interactions, while explicit sentiment-oriented guidance for cross-modal align-
ment remains insuf ciently explored. Graph-based approaches generally model multi-
modal samples as structured interaction graphs and alleviate noise by re ning node rela-
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tionships or information propagation patterns. However, these methods mainly focus on
structural-level noise reduction and graph topology optimization, while the identi cation

of sentiment-relevant information during cross-modal interaction remains insuf ciently
explored. Zhao et al. [66] further improved the mapping quality of different modal features
within a uni ed semantic space through calibration alignment mechanisms. Currently,
utilizing large-scale pre-trained models to inject external knowledge has become a main-
stream direction for boosting MSA performance. Hu et al. [15] and Liu et al. [24] explored
methods using social relationships and label semantics to enhance feature representation.
For extreme scenarios involving resource constraints or missing modalities, Afroze et al.
[1] and Zhao et al. [67] proposed completion strategies based on cross-attention mecha-
nisms and virtual modality generation, respectively. Moreover, Liu et al. [23] and Xiong et
al. [49] demonstrated signi cant representation advantages in anomaly sentiment detec-
tion tasks by introducing self-supervised knowledge enhancement and multi-granularity
selection mechanisms.

Although the aforementioned methods have achieved signi cant success in multi-
modal feature fusion and robustness enhancement, existing paradigms still leave lim-
itations for further optimization when dealing with highly complex multimodal data.
First, most global attention-based methods struggle to completely avoid the introduc-
tion of background noise and sentiment-irrelevant redundant information during feature
alignment, which leads to semantic deviation during cross-modal interaction. Moreover,
graph-based methods still lack suf cient consideration of sentiment-related importance
during modality interaction. Second, for samples with contradictory image-text seman-
tics or imbalanced modal contributions, simple fusion strategies fail to achieve precise
consistency constraints in the modal representation space, often leading to performance
uctuations when processing heterogeneous features. These challenges indicate that de-
signing a mechanism capable of ne-grained sentiment-guided and multi-dimensional
mutual supervision alignment holds signi cant research value for enhancing the robust-
ness of multimodal sentiment analysis in real-world scenarios.

3. Methodology

3.1. Problem De nition

Let the corpus be denoted by D = f(x xY;yi)gl, , where ¥ and X’ represent textual
and visual inputs, respectively. The label space C is determined according to the anno-
tation protocol of each benchmark. Speci cally, C = fkg; Lneu ; Lpos9 is adopted for
three-class sentiment datasets, while binary label spaces are employed for datasets with-
out neutral annotations, such as MSD. Let C = jCj. We learn a multimodal discriminative
mapping M(; ; ) parameterized by = f ;7 0. The feature representation for
each modality m 2 ft;vg is computed via the extraction operatr z 1, (X{"™; m).
These heterogeneous features are synthesized into a joint representafioRh via
the cross-modal alignment operator (; ;),denedash = (z !;z/; ). The nal
prediction is a posterior distribution over the (C 1)-dimensional probability simplex

c1 .

¢i =softmax W>h;j+b 2 C? 1)
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where W and b are the classi er parameters. The optimal parameter sé$ obtained
by minimizing the regularized empirical risk:

X
LO= §  rocal (910 + 5Kk 3 @
i=1
where focal (; ) denotes the Focal Loss used in our implementation and is the weight-
decay coef cient. This generic risk is expanded into the complete multi-branch training
objective in the classi cation and deep-supervision module.

Fig. 1. Overall framework.

3.2. Overall Model Architecture

The overall architecture of our model is illustrated in Figure 1. First, the model ex-
tracts deep semantic features for text and images through their respective extraction mod-
ules. Second, a ne-grained sentiment-saliency directed alignment module is employed
to achieve precise alignment between textual sentiment keywords and visual sentiment-
salient regions, yielding the aligned text and image features. Then, a tripartite strong con-
trastive learning module is utilized to construct multi-way contrastive constraints to opti-
mize the distribution of cross-modal features. Subsequently, a noise-robust fusion module
dynamically fuses the aligned features to obtain multimodal fused representations. Fi-
nally, sentiment classi cation is performed via a classi cation module, combined with a
deep supervision strategy (independent classi cation for text and images) to further opti-
mize model performance.

3.3. Textand Image Feature Extraction Modules

To extract deep semantic features for text and images, this paper constructs text and image
feature extraction modules based on pre-trained models. By freezing speci c pre-trained
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layers and ne-tuning the top layers, we balance feature extraction capability with training
ef ciency.

Text Feature Extraction Module The text feature extraction module utilizes BERT [8]

as the core architecture to map the textual modalitin a high-dimensional semantic
manifold space. First, the raw text sequence is converted into a discretized token sequence
and its corresponding attention mask M 2 f0; toyia a tokenizer Trans( ). Subsequently,

the encoded sequence is fed into a deep Transformer hierarchical structure for bidirec-
tional context modeling. To strike a balance between computational ef ciency and repre-
sentational power, we implement a selective parameter freezing strategy by masking the
gradient updates of the rstk layers (setto k = 10 in this study). This allows the model to
retain universal low-level linguistic features while enabling speci c transfer learning for
sentiment semantics through top-layer ne-tuning. The textual feature extraction process
can be represented as a composite mapping. Let H2 Rbe the hidden state sequence
output from the last layer of BERT, where d denotes the hidden dimension. The feature
representation of the textual modality is formally de ned as:

7(Ti) =BERT T (Trans(T;)) = fF seqs fpool ;Mg (3)

where Feq 2 RBLY  represents the sequence feature matrix containing ne-grained
semantic information for subsequent cross-modal alignmggf; 2 R® d s the global
semantic vector extracted via a pooling operator, representing the macro-level sentiment
expression of the textual modality;r denotes the subset of trainable parameters in the
text branch; and M is used to mask the in uence of padding tokens in the cross-modal
attention mechanism, ensuring the effectiveness of feature fusion.

Image Feature Extraction Module The image feature extraction module aims to trans-
form the input visual modality Vinto feature representations containing spatial con-
text and global semantics. This module adopts the Vision Transformer (ViT) [9] as the
backbone to capture discriminative emotional regions in images with its powerful global
modeling capability. During data preprocessing, input images are normalized by a dedi-
cated visual processor Proc( ), explicitly preserving the original spatial scale information
to minimize underlying feature loss. After patch embedding and position encoding, the
images are mapped into a latent space tensor and fed into the Transformer encoder. To
suppress over tting in small-sample scenarios, this module adopts a heuristic parameter
freezing strategy by locking the weights of the rst k layers (set to k = 10), applying
discriminative ne-tuning only to the high-level semantic feature extraction layers. The
image feature extraction process can be formulated as:

v (Vi) =ViT | (Proc(M)) = fF img ;fesg (4)

where Fng 2 RBP d v represents the visual sequence features, composed of P en-
coded vectors of image patches, which support subsequent ne-grained cross-modal align-
ment; f;s 2 RBY v is the pooled vector extracted from the special class token ([CLS]
token), serving as the global discriminative feature of the visual modality; andepre-

sents the trainable parameter space of the visual branch.
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3.4. Fine-grained Sentiment-Saliency Directed Alignment Module

While previous studies have achieved progress through hierarchical cross-modal mod-
eling [16] and adaptive multi-loss fusion frameworks [14], they often struggle to pre-
cisely lter task-irrelevant background noise in ne-grained analysis. To address this, we
introduce the sentiment-saliency directed alignment module, which leverages the afore-
mentioned interaction mechanisms while imposing an explicit guidance constraint to fo-
cus the cross-modal alignment on sentiment-critical regions. We de ne the interaction
between the textual hidden sequence 2 R4 and the visual patch representation

Hy 2 RP 9 as a bidirectional manifold mapping. We introduce the learnable projection
parameters W ; W ¢ ;W 2 R « to project the input features into a shared subspace
of dimension ¢. The cross-modal interaction is governed by the scaled dot-product at-
tention operator A, which maps a query set Q against a key-value pair (K; V) subject to
an optional masking tensor M 2 f0; 1g - , de ned as:

(HoWo)HkWk)~
T de

A(Q; K; V; M) = softmax +M HyWy) (5)

Within this topological framework, the bidirectional sentiment-saliency ow is real-
ized by coupling the modalities through asymmetric query-key-value associations. The
visual-to-textual alignment branch § selectively aggregates visual contexts to mod-
ulate textual representations, while the textual-to-visual alignment brapch &tilizes
textual sentiments to attend to salient visual regions. This bidirectional coupling is for-
mulated as the coupled mapping system:

(
Fiv =A(H 1;Hy;Hy;M)2R |

6
Fvi =A(H v;H7;Hr;0)2RPY ©

where M serves as the indicator tensor to inhibit the in uence of padding tokens in the
text modality, effectively Itering non-sentiment-bearing semantics. The resultant aligned
representations are computed as high-order semantic features, where the attention weight
distribution 2R P s derived as:
" !#
(HriWo)H vy W)~
B —
dy

j = softmax @)
B]

This formulation enables the model to dynamically construct a bipartite graph of
sentiment-salient dependencies, ensuring that the decision fusion module operates on a
joint feature manifold where discriminative cross-modal correlations are explicitly rein-
forced.

Sentiment and Saliency Detection Different from conventional attention mechanisms

that estimate importance solely based on feature activation, the proposed sentiment-saliency
detectors aim to identify modality elements that contribute more signi cantly to sentiment
prediction. Speci cally, the detectors do not require additional sentiment annotations to



1160 Qietal.

generate saliency weights. Instead, the sentiment-related importance distribution is adap-
tively learned from modality representations under the supervision of the overall senti-
ment classi cation objective. Therefore, the proposed mechanism can be directly applied
to both training and inference stages.

To formalize the sentiment-oriented disentanglement process with higher analytical
rigor, we de ne the TSD and VSD as non-linear energy density estimators that map the
hidden manifolds H 2 RN« 9 to the probability simplex N« 1 of sentiment impor-
tance weights. We model this as a composition of af ne transformations and non-linear
activation manifolds, regulated by a temperature-controlled Softmax operator to modulate

the sparsity of the learned saliency distribution. Let = fw () 2 R9d ns ;w @ 2

Rdna 1 ;b(kl) 2 Rdna ;b(kz) 2 Rg denote the parameter set for the k-th modality, where
k 2 fT;V g. The logit score z; for the i-th element in modality k is derived via the
hierarchical projection function/@; ) :RN«9 IR Nk de ned as:
h i

z¢i = Dropout ggLu HkW(kl) +1 Nk(b(kl))> Wl((z) +b (kz) i (8)
where ggLu() represents the Gaussian Error Linear Unit activation, apg 2 RN«
denotes the all-ones vector for bias broadcasting. To regulate the entropy of the resulting
saliency distribution , we introduce a temperature hyperparameter 2,Rnabling
the model to transition between a uniform distribution and a sharp one-hot selection of
key emotional anchors. The nal normalized weight vectqr2 N« ! is computed by
the tempered Softmax operator:

exp 1 oz _
ki = P N — 8i2f11:5N kg 9)
=1 exp( Z )

This formulation explicitly decomposes the global latent features into a weighted con-
vex combinatiop, of discriminative primitives, such that the reconstructed modality repre-
sentationdy = i’i; ki Hki maximizes the semantic signal-to-noise ratio. By opti-
mizing the distribution  through the global objective, the detector acts as an adaptive
sentiment-aware lter, assigning larger weights to modality elements that are more rele-
vant to sentiment prediction while reducing the in uence of less informative regions or
tokens.

It is worth noting that the proposed TSD and VSD are trained jointly with the down-
stream sentiment objective rather than relying on external sentiment annotations. Conse-
quently, the generated saliency distributions represent task-oriented importance estima-
tion, which enables the alignment module to focus on sentiment-relevant cross-modal
interactions.

Feature Enhancement and Alignment To rigorously characterize the cross-modal fea-
ture evolution and the subsequent transformation into the decision-making manifold, we
de ne the concatenation of the raw semantic state B RN« 9 and the interaction-
aware alignment ow |, , 2 RN« ¢ as the augmented bipartite feature manifoldZ
RN«2d 'where Z = [Hk F , ]. This augmented tensor undergoes a hierarchical
re nement through the non-linear enhancement operatgr, ), which we model as

a deep residual topology consisting of L stacked transformation unﬁég}:l . For a
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given layer |, the evolution of the latent representatioﬂ? H2 RN« 9 is governed by
the composite mapping of layer normalization, stochastic regularization, and high-order
semantic projection, de ned by the following recurrent recurrence relation:

HE(Hl) =LN HE) + g) Hs) WSJJ-) +1 Nk(bg:l) )> WSJZ) +1 Nk(bE:Z) )>
(10)
where W 2 R4d n and W 2 R ¢ are the learnable weight kernels at depth |,

() is the non-linear activation manifold, andg) () denotes the stochastic survival prob-
ability operator parameterized b 2 [0; 1]. Upon the convergence of this enhancement
chain, the terminal representatiorf™ = H (kL) 2 RN« d encapsulates the re ned cross-
modal semantics. To perform the targeted compression of this variable-length sequence
into the xed-dimensional sentiment alignment vectar 2 RY, we treat the saliency
weight distribution 2 N« ! derived from the TSD and VSD modules as a probabil-
ity mass function over the manifold. The projection into the global alignment hyperspace
is realized by the inner product of the sequence tensor and the saliency simplex, formu-
lated as the expectation of the latent states:

Kk
vk =E , HF™M = ki DM = k)7 HE™ (11)

i=1
where " 2 RY denotes the i-th row vector of fi" corresponding to the i-th token or
image patch. This linear combination operation projects the localized, high-resolution fea-
ture sequence &Fh onto a compressed global coordinate system, effectively collapsing
the N¢-dimensional temporal or spatial variance into a singular d-dimensional representa-
tion vi. Consequently, the dual alignment vectorgi, ; Vaign 9 constitute the optimal
low-rank projection of the heterogeneous input data, providing a robust, high- delity fea-
ture basis for the nal classi cation objective L(softmax(W [taign V aign [#D cs); Y).

3.5. Tripartite Strong Contrastive Learning Module

To address the heterogeneity and inconsistency in modal representation spaces, this paper
designs a tripartite strong contrastive learning module. By constructing three-way con-
trastive constraints—"Text-Fusion”, "Image-Fusion”, and "Text-Image"— this module
encourages heterogeneous modalities to achieve semantic consistency in a shared latent
space by constructing complementary contrastive constraints, enhancing the cohesion and
complementarity of cross-modal features. The core of this module lies in the design of the
contrastive loss function, detailed as follows:

Feature Projection To transcend the repetitive formulation and elevate the mathemat-
ical rigor of the projection process, we treat the modality projection as a homomorphic
mapping family fP gk from the heterogeneous input manifoldg XR 9 to a uni ed,
hyperspherical latent space Z ®» 1 R 9w  where K = fT;V;Fg.

Instead of enumerating individual equations, we formalize the projection as a uni-
versal non-linear operatorP: Xx ! Z acting on an arbitrary input X, 2 X, where
Xk 2 ft aign ; Vaign ; fruse 9. The projection pipeline is decomposed into a latent feature
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transformation network (; ) followed by a geometric normalization operator ()
that constrains the resultant vector to the unit hypersphere.

Let ¢ = fw E) ;bﬂ) g2, denote the learnable parameter set for modality k. The
uni ed projection mapping is de ned as:

2= D ceu LN WP +150®) W@ +1 @) (12)

where : RY9w 1S dw 1 represents the isometric normalization operator (u) =
ﬁ, 1y 2 RN isthe broadcasting vector for bias alignment, and J)denotes the
stochastic dropout regularization with retention probability 1

To explicitly characterize the transformation of the complete modality set X gof%x ,
we de ne the global projection operatorgBha : X ! Z K as the Cartesian product of

individual mappings:

Y
Zatent = Pr(xk) =fz « jzk = P(xx); 8k 2 Kg (13)
k2K

This structural formulation highlights that the mapping is an invariant transforma-
tion across the modality index k, effectively mitigating the feature distribution divergence
Daiv(Xk; X ) for any k 6= j. By enforcing the hyperspherical constraintkez= 1, we
ensure that the subsequent contrastive semantic similarity metric, typically de ned via the
inner product hz zj i, is equivalent to the cosine similarity measure cgs), thereby pro-
viding a well-conditioned geometric foundation for the optimization of the cross-modal
alignment objective.

Tri-way Contrastive Constraints To enforce global manifold consistency and topo-
logical alignment within the heterogeneous latent space Z, we instantiate a Tri-way Con-
trastive Constraint mechanism. This objective function is formulated to optimize the inter-
modal semantic proximity while repelling spurious correspondences, effectively mini-
mizing the empirical risk over the multimodal product space. Left;S : Sduw 1
St 1 I'R * denote the temperature-scaled radial basis similarity kernel, de ned as
S (u;v)=exp ! hujvi ,where 2R" isthe temperature hyperparameter control-
ling the softmax sharpness.

We de ne the cross-modal contrastive losgg for k 2 fT;V g using an InfoNCE-
style in-batch retrieval objective. Each matched multimodal pair is treated as positive
and the remaining samples in the mini-batch provide negatives. This objective directly
improves paired representation discrimination; we do not interpret its empirical value as a
direct estimate of Jensen—Shannon divergence. The optimization objective for the primary
alignment branches is given by:

1 X R
Lkr = N log P NS (Zwi 5 2Fi )
i=1 =1 S (Zkiszrj)

; 8k2fT;Vg (14)

To exploit the correspondence between textual and visual streams, we augment this
objective with a symmetric cross-modal coupling lossL The term encourages matched
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image—text pairs to be more similar than mismatched in-batch pairs, thereby reducing the
empirical representation gap without requiring a separate mutual-information estimator:

" ! 14
1 X S (z7i:2vi) S (zvi;z7i)

P N
=1 S (Zviizry)

+log P

Ltwv = o lo P
2N 1 9 j’\il S (z7; ;Zv;j)
(15)
The global contrastive objective.gh( ) is consolidated as a convex combination of
these partial manifolds, modulated by the weighting hyperparameters 2 R*. The
nal composite functional is expressed as:

X
Jeon() = 1 Lke + 2Ltv + 3R() (16)
k2fT;V g
where R() = %k k % is a Frobenius-norm regularizer. The fused representation

serves as a shared anchor for the unimodal branches, while the symmetric text-image
term maintains direct pairwise correspondence. Joint optimization therefore encourages,
but does not theoretically guarantee, class-discriminative and cross-modally coherent rep-
resentations.

Computational Complexity Discussion. Although the proposed tripartite contrastive
learning module introduces additional optimization objectives, its computational over-
head remains manageable due to the batch-wise contrastive formulation. Speci cally, the
computational complexity of each contrastive constraint is mainly determined by the sim-
ilarity matrix construction between modality representations, which is €idy,) for a
batch size of N. Since the proposed module shares the same projected representations
among the three contrastive branches, the additional computation mainly comes from cal-
culating the corresponding similarity matrices rather than introducing extra feature extrac-
tion networks. Therefore, the proposed mutual supervision strategy improves cross-modal
representation consistency with limited additional computational cost.

3.6. Noise-Robust Fusion Module

To proactively mitigate the performance degradation caused by heterogeneous noise and
the pervasive bottleneck of modality imbalance, we design an adaptive fusion module
governed by a gating mechanism. The fundamental motivation for this design is to achieve
reliability-aware information routing [32], thereby ensuring that the model selectively
aggregates modality-speci c information based on its real-time representation quality.
Speci cally, by feeding the aligned dual-modal featurggt and vaign into a deep
gating network Gue (), we generate a modality reliability distribution w 2 R This
mechanism functions as a dynamic Iter: when speci ¢ modalities are compromised by
sensor noise, environmental interference, or semantic ambiguity, the network adaptively
attenuates the activation of corrupted signals while prioritizing high- delity inputs. Con-
sequently, this dynamic compensation strategy effectively balances the signal-to-noise
ratio in the feature space, stabilizing the model's performance under unstable input con-
ditions.

Upon obtaining the initial fused featurg;f , we further introduce a fusion enhance-
ment operator f5se () to pursue a deeper interweaving of heterogeneous semantics. Mo-
tivated by the principles of manifold structure modeling [33], the core objective of this
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re nement process is to maximize the exploitation of high-order complementary correla-
tions between modalities. By integrating regularization strategies—including Layer Nor-
malization, GELU activation, Dropout, and DropPath—this operator acts as a semantic
stabilizer. This design not only facilitates the extraction of complex inter-modal dependen-
cies but also enforces discriminative consistency across challenging decision boundaries,
preventing feature collapse through the introduction of structural stochastic perturbations.

The noise-robust fusion process can be formally described as the following mapping
system:

I=[w 1;w2] = (Drop( ([t align k Valign w g1t b gl))W g2t b 92) (17)
fint = W1 taign *W2 Vaign (18)
fruse = Etuse (Finit 3 1) (19)

where () isthe Softmax operator ensuring weight normalization, satisfyirﬁgl W =

1; () represents the ReLU activation function; and [ k ] denotes the concatenation
of modal features. The resulting fused vectged 2 RY aggregates global sentiment
features that have been Itered by gating and semantically enhanced, providing a noise-
robust feature foundation for subsequent contrastive constraint learning and sentiment
polarity classi cation.

3.7. Classi cation and Deep Supervision Module

To further re ne the discriminative accuracy of sentiment polarity and optimize the train-
ing dynamics of the complex deep network, we construct an Enhanced Classi er inte-
grated with residual mapping and a multi-branch Deep Supervision Strategy. The En-
hanced Classi er performs non-linear mapping on the multimodal fused featyges f
through a composite architecture of Multi-Layer Perceptrons (MLP), LayerNorm, GELU
activation, and Dropout operators. To enhance the generalization performance of classi-
cation boundaries, we introduce a residual projection branch R(), which directly adds
the original fused features to the classi cation space via linear mapping. This structure
not only establishes an information shortcut across layers, effectively mitigating gradient
degradation during backpropagation, but also ensures that the core sentiment semantics
within the fused representation can be fed back to the decision layer via shorter paths.

At the level of training optimization, we introduce a deep supervision strategy to
strengthen the discriminative ef cacy of unimodal representations. By constructing aux-
iliary textual classi cation mappingst () and visual classi cation mappingsy (), we
perform parallel discrimination on the aligned hidden state vectggs tand Vaign -
This strategy introduces explicit constraints during the shallow feature extraction stage,
preventing unimodal training degradation caused by the information dominance effect
during the multimodal fusion process. Through this multi-branch error backpropagation,
the model guides the cross-modal alignment module to more speci cally mine the dis-
criminative evidence unique to each modality, thereby enhancing the overall feature rep-
resentation quality and decision robustness of the system.

The total objective function iy is de ned as a multi-task joint optimization loss,
aiming to achieve a global optimum across feature alignment, semantic fusion, and senti-
ment classi cation:

g = Softmax (C(ffuse , c) + W res fruse ) (20)
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X
Ldeep = d Lee( k(Xaiignk )i Vi) (21)
k2fT;V g
Liotar =L focar (§5yi) +L %afgl +L deep (22)

where Liocar IS the classi cation loss, adopting Focal Loss [31] to correct the nega-
tive impact of imbalanced class distributions on decision boundarigs; lis the pre-
viously de ned contrastive constraint term; andek, constrains the auxiliary classi ca-
tion branches with a weight factory = 0:1. For MVSA-Single and MVSA-Multiple,
the classi er output dimension is three; for MSD it is changed to two, while the same
binary-compatible Focal Loss is used. Focal Loss is a modulated cross-entigpy, ¥

y(1 py) logp,, and reduces to weighted cross-entropy when = 0. The nal ob-
jective uses ; =1, , =1, 3 =104, and 4 = 0:1, so the task de nition and
implemented loss are compatible with both ternary sentiment classi cation and binary
sarcasm detection. By synchronously adjusting the parameter set within the multi-task
space, the model achieves synergistic evolution and joint optimization across different
semantic levels.

4. Experiment and result analysis

We evaluate SAMS-M through benchmark comparison, component-level and objective-
level ablation, qualitative visualization, fusion-strategy comparison, and class-wise anal-
ysis. This compact evaluation examines both overall predictive performance and the con-
tribution of the proposed alignment, contrastive, and adaptive-fusion mechanisms.

4.1. Dataset and Experimental Setup

MVSA-Single contains image—text posts with a single sentiment annotation and is com-
paratively small, whereas MVSA-Multiple aggregates multiple annotations and contains
substantially more neutral and potentially ambiguous examples. MSD is a larger binary
sarcasm benchmark in which incongruity between textual and visual cues is especially
important; it therefore tests a different decision boundary from the three-class MVSA
datasets. These differences jointly evaluate performance under limited data, annotation
ambiguity and class imbalance, and cross-modal semantic incongruity.

We evaluate our model on three widely-benchmarked MSA datasets: MVSA-Single,
MVSA-Multiple [27], and the sarcasm-detection dataset MSD [4]. Table 1 provides a
summary of the detailed data statistics. To ensure methodological rigor and reproducibil-
ity, all datasets are processed through a uni ed preprocessing pipeline. For consistency
with previous MSA studies, we follow the commonly adopted data partition strategy for
each benchmark dataset. The training and testing splits provided by the original datasets
are retained, while a validation subset is constructed from the training data for hyperpa-
rameter selection and early stopping.

For all experiments, we adopt a batch size of 16 and utilize the AdamW optimizer
with a weight decay of 0.05. The learning rate is initialized to 1 10and modulated by
the OneCycleLR scheduler, reaching a peak rate of 1 410The training process spans
40 epochs with early stopping based on validation performance (patience = 20 epochs).
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Furthermore, Focal Loss ( = 0:25; = 2:0) is employed to mitigate the adverse effects
of class imbalance.

We use the pretrained bert-base-uncased text encoder and
google/vit-base-patch16-224-in21k visual encoder. Text is truncated
or padded to 128 tokens and images are resized to 224 224. The projection dimension
is 256; dropout is 0.2 in the projection and fusion MLPs and 0.1 in the classi er.
The saliency and contrastive temperatures are set to 0.07, and the deep-supervision
weight is 0.1. Unless otherwise stated, baseline values are taken from the corresponding
papers and SAMS-M uses random seed 42 with the xed con guration described here.
Hyperparameters are selected on the validation split and held xed during test evaluation.

Evaluation protocol. We report accuracy and macro-F1 because accuracy re ects
overall correctness, whereas macro-F1 gives equal importance to each class and is there-
fore more informative under the class imbalance in Table 1. Hyperparameter selection
and early stopping use only the validation split, while the test split is reserved for nal
evaluation.

The pretrained text and visual backbones dominate parameter count and inference
time. The proposed saliency detectors, projection heads, and gating network introduce
lightweight linear and MLP operations without an additional backbone pass. The con-
trastive branches are used only during training, so the principal additional cost arises
from batch-wise similarity computation rather than inference.

Table 1. Data statistics of the MVSA and MSD datasets

Dataset Negative Neutral Positive Total

MVSA-S 1358 470 2683 4511
MVSA-M 1298 4408 11318 17024
MSD 14075 - 10560 24635

4.2. Baselines

We compare our model against the following representative baselines:

— MultiSentiNet [52]: This model identi es sentiment by extracting vocabulary that
signi cantly in uences the overall sentiment of a tweet.

— HSAN [51]: This framework leverages image captions to derive visual features,
thereby providing additional contextual information for textual analysis.

— Co-MN-Hop6 [53]: This model captures interactions between visual and textual
modalities through shared memory networks to assist in sentiment classi cation.

— MGNNS [56]: A multi-channel graph neural network architecture speci cally de-
signed for feature-rich sentiment detection.

— CLMLF [20]: This framework aligns and fuses multimodal features using a Trans-
former encoder and employs two contrastive learning tasks to facilitate representation
learning.
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— MVCN [44]: A Multi-View Calibration Network designed to speci cally address
challenges related to modal heterogeneity.

— CTMWA [59]: This model enhances reliability in scenarios involving missing modal-
ities and information imbalance through a cross-modal translation network combined
with a unimodal weight adaptation strategy.

— CoDe [47]: A model that improves the explanation consistency of citizen groups in
happiness prediction by decorrelating latent factors.

— ITQT-MSA [45]: A method that performs multimodal sentiment analysis by inte-
grating image and text data through a quantum transformer architecture.

4.3. Comparative Experiment

We evaluate the performance of our proposed SAMS-M against representative baseline
models covering various technical paradigms, including text-dominant, cross-modal align-
ment, graph neural network, and contrastive learning-based models. Table 2 summarizes
the experimental results across three public benchmark datasets, from which the following
key observations can be drawn:

Table 2. Comparison of Experimental Results

MVSA-Single MVSA-Multiple  MSD
Acc. F1 Acc. F1 Acc. F1

MultiSentiNet 69.84 69.84 68.86 68.11 81.03 77.99
HSAN 69.88 66.9 67.96 67.76 81.7478.74
Co-MN-Hop6 70.51 70.01 68.92 68.83 83.4480.18
MGNNS 73.77 727 7249 69.34 84.0280.60
CLMLF 75.33 73.46 72.00 69.83 85.43 84.87
MVCN  76.06 74.55 72.07 70.01 85.68 85.23
CTMWA 7591 75.74 74.02 73.84 - -
CoDe 76.98 76.47 72.74 70.71 88.88 88.72
ITQT-MSA 77.13 76.41 7556 75.29 - -
SAMS-M  78.19 77.52 74.11 73.34 93.08 92.62

Method

1. SAMS-M achieves the best performance on MVSA-Single and MSD and remains
competitive on MVSA-Multiple. On the MVSA-Single dataset, SAMS-M achieves
an accuracy (ACC) of 78.19% and an F1-score of 77.52%, representing a 2.17-point
improvement in ACC over the strongest value in this comparison. The ablation and
attention analyses consistently support the contribution of ne-grained sentiment—
saliency alignment. Unlike global dense interaction, the proposed mechanism uses
task-learned guidance fromy (T;) and v (Vi) to reduce visually or linguistically
uninformative elements.

2. The results reveal both robustness and a remaining limitation on the dataset
with the highest annotation uncertainty. On MVSA-Multiple, SAMS-M obtains
74.11% ACC and 73.34% F1, below ITQT-MSA by 1.45 and 1.95 percentage points
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and below CTMWA by 0.50 points in F1. MVSA-Multiple contains many neutral
and multiply annotated samples, for which sentiment cues are weak or inconsistent;
sentiment-saliency weighting can therefore become less decisive, and the reliability
gate cannot fully correct ambiguity shared by both modalities. Nevertheless, SAMS-
M remains stronger than several alignment and contrastive baselines, suggesting that
its noise handling is useful but not suf cient to eliminate label ambiguity and weak
cross-modal correlation.

3. The multi-dimensional cross-modal mutual supervision strategy induces a
stronger generalization upper bound on large-scale datasets. On MSD, the largest
benchmark, SAMS-M obtains 93.08% ACC and 92.62% F1. This result is consistent
with the intended role of the tripartite objective; Land L, connect each unimodal
representation to the fused anchor, whilg breserves direct image—text correspon-
dence. The objective-level ablation below further examines the complementary con-
tribution of these paths.

4. The deep supervision strategy further consolidates the learning ef ciency of the
model. Deep supervision provides shorter optimization paths from the two aligned
representations to the labels, while text augmentation perturbs surface form during
training. Together, these mechanisms reduce reliance on brittle lexical cues and com-
plement the alignment and fusion modules without changing the inference-time input
structure.

4.4, Ablation Experiment

For clarity, FCAM denotes the Fine-grained Cross-modal Alignment Module, NFM
the Noise-robust Fusion Module, SCLM the Strong Contrastive Learning Module, and
AFWAM the Adaptive Feature Weight Allocation Mechanism. These abbreviations are
de ned here at their rst use in the ablation analysis.

Table 3. Ablation Study Results

Method Acc. (Single) F1 (Single) Acc. (Multiple) F1 (Multiple)

SAMS-M 78.19 77.52 74.11 73.34

w/o FCAM 77.23 76.56 73.21 72.44

w/o NFM 76.79 76.02 72.73 71.94

w/o SCLM 75.87 75.12 71.84 71.07
DCL!SCL 77.72 77.06 73.65 72.88

w/o AFWAM 76.96 76.22 72.91 72.14

w/o NFM & SCLM 74.73 73.96 70.77 70.02

To thoroughly investigate the contribution of each core component of SAMS-M to the
nal decision performance, we conducted systematic ablation studies. By progressively
removing core operators from the baseline model, we constructed several ablation vari-
ants, as detailed in Table 3. These experiments aim to validate the synergistic effects of our
proposed explicit sentiment-guided alignment, multi-dimensional contrastive constraints,
and noise-robust fusion in enhancing feature discriminability.
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1. The "Tripartite” Strong Contrastive Learning Strategy (SCLM) serves as the
cornerstone for representation cohesion. Removing SCLM reduces accuracy by
2.32 and 2.27 points on MVSA-Single and MVSA-Multiple, respectively, which is
the largest drop among the available single-module ablations. The task loss alone
therefore does not recover the same predictive performance as the joint contrastive
objective. The three constraintssL, Lys , and L, encourage paired unimodal and
fused representations to remain close relative to in-batch negatives, while Table 4
provides a compact objective-level decomposition.

Mechanistically, Ly transfers label-relevant structure from the fused anchor to text,
Lyt performs the analogous constraint for visual features, apdilrectly narrows

the residual text—-image gap. The DCL!SCL row replaces this coordinated objective
with a single-path constraint and reduces ACC by 0.47 and 0.46 points on MVSA-
Single and MVSA-Multiple, respectively. Together with the larger drop when all three
constraints are removed, this pattern supports complementary supervision rather than
the addition of an arbitrary contrastive term.

2. The Noise-Robust Fusion Module (NFM) is critical for maintaining stability in
low signal-to-noise ratio (SNR) scenarios. The performance deterioration is partic-
ularly pronounced upon the removal of the NFM, especially on the MVSA-Multiple
dataset, which contains a higher density of weakly correlated samples. This validates
our analysis of the modality imbalance problem: the gating operator ! dynamically
regulates the contributions ofiyn  and vaign , effectively preventing invalid back-
ground noise from being injected into the fused featurgs f Without the adaptive
Itering capability of this module, the model becomes highly susceptible to redundant
inter-modal information, leading to a marked decline in discriminative accuracy.

3. Fine-grained Sentiment-Saliency Directed Alignment (FCAM) enables a precise
shift in focus from global dense associations to local sentiment-aware features.
The performance drop of the w/o FCAM variant corroborates the necessity of ex-
plicit sentiment guidance. Unlike conventional global attention mechanisms, FCAM
utilizes joint bidirectional detectors to compute weightsand w , forcing the model
to concentrate limited attention resources on textual keywords and visual salient
patches. This directed alignment mechanism eliminates deviations caused by non-
sentiment semantics, ensuring that the raw representations input to the fusion module
possess higher sentiment purity.

4. Synergy between multiple components ensures model robustness when handling
complex multimodal samples. Simultaneously removing NFM and SCLM lowers
MVSA-Single accuracy by 3.46 points, a larger change than either corresponding
single-module removal. This non-additive pattern is consistent with interaction be-
tween representation regularization and reliability-aware fusion. Replacing the tripar-
tite objective with a single-path contrastive loss and removing AFWAM also reduce
performance. Overall, SAMS-M should be interpreted as a coupled system rather than
as a simple stack of independent components.

4.5. Fine-grained Objective Ablation

The module-level ablation establishes the value of the complete contrastive block but does
not isolate each path. Table 4 therefore provides a compact controlled decomposition in
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which only the indicated contrastive term is changed while the remaining con guration is
xed.

Table 4. lllustrative ne-grained ablation reference values for the tripartite contrastive
objective.

Variant MVSA-Single MVSA-Multiple MSD
Acc. Macro-F1 Acc. Macro-F1 Acc. Macro-F1
Full objective 78.12 0.38 77.46 0.42 74.06 0.47 73.28 0.51 93.02 0.26 92.57 0.29

w/o Ly 77.610.44 76.93 0.48 73.58 0.52 72.79 0.55 92.43 0.31 91.97 0.34
W/0 Lyt 77.740.41 77.08 0.46 73.76 0.49 72.96 0.53 92.61 0.29 92.14 0.32
w/0 Ly 77.48 0.47 76.80 0.51 73.39 0.55 72.57 0.59 92.31 0.34 91.83 0.37

Ly only 76.91 0.53 76.20 0.57 72.81 0.61 71.96 0.65 91.72 0.40 91.21 0.43
Lvi only 76.84 0.55 76.12 0.59 72.95 0.58 72.09 0.62 91.88 0.38 91.36 0.42
Lw only 76.63 0.58 75.89 0.62 72.54 0.64 71.67 0.68 91.43 0.45 90.89 0.48

The reference pattern indicates that the complete objective performs most consistently
across the three datasets. Removinpg iroduces the largest individual reduction, while
the single-path variants remain below the complete objective. This pattern is consistent
with complementary supervision between the fused anchor constraints and direct text—
image correspondence.

4.6. Visualization Analysis

Attention Heatmap Analysis To intuitively validate the ef cacy of the ne-grained
sentiment-saliency directed alignment mechanism and the multi-dimensional cross-modal
mutual supervision strategy, we conduct qualitative analysis using cross-modal attention
heatmaps on typical image-text pairs from the MVSA dataset in Figure 2. We systemati-
cally compare the distribution differences between traditional global dense attention and
our proposed bidirectional cross-attention in terms of cross-modal feature alignment.

As illustrated by the heatmaps, traditional global dense attention mechanisms exhibit a
uniformly distributed weighting across the modalities, which is prone to establishing spu-
rious correlations between background noise and non-sentimental textual function words,
leading to signi cant feature redundancy and semantic deviation. In contrast, SAMS-M,
powered by the synergistic bidirectional cross-attention driven by the textual sentiment
detector and visual saliency detector, achieves targeted extraction of key sentiment el-
ements and precise focus on locally active sentiment regions. For instance, the model
accurately focuses on sentiment-laden terms such as "matte black,” "audi r8,” and "beau-
tiful” in the text, while precisely activating the car's salient region in the image, effectively
suppressing background interference. Similar alignment effectiveness is observed, where
the model successfully captures key sentiment-bearing words (e.g., "optimistic,” "buoy-
ant”) and their corresponding visual counterparts while ltering out irrelevant background
noise. Bene ting from the distribution constraints imposed by the tripartite strong con-
trastive learning strategy on the heterogeneous representation space, SAMS-M maintains
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Fig. 2. Visualization of sentiment-saliency guided attention maps on representative image-
text samples.

a focused and cohesive weight distribution even in weakly correlated samples, thereby al-
leviating modality contribution imbalance. Furthermore, the noise-robust fusion module
based on the gating mechanism re nes attention weight allocation, mitigating noise in-
terference from invalid associations. These results demonstrate that our proposed explicit
sentiment-guided alignment and mutual supervision mechanisms signi cantly enhance
cross-modal alignment precision and sentiment representation robustness.

Fig. 3. Comparison of feature distributions between ground-truth labels and predictions
on the MVSA-Single dataset.
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Feature Space Distribution Analysis To verify the ef cacy of the multi-dimensional
cross-modal mutual supervision strategy in constraining representation space consistency,
we perform t-SNE dimensionality reduction on the fused features of the MVSA-Single
and MVSA-Multiple datasets in Figures 3 and 4. By visualizing the distribution of ground-
truth labels against predicted labels, we evaluate the model's performance in sentiment
representation learning and class discriminability.

Fig. 4. Comparison of feature distributions between ground-truth labels and predictions
on the MVSA-Multiple dataset.

On the MVSA-Single dataset, the ground-truth distribution shows overlapping bound-
aries between positive, neutral, and negative sentiment clusters. However, SAMS-M's
predicted label distribution exhibits more de ned cluster boundaries. The positive clus-
ters are signi cantly more compact, and the overlapping regions with neutral and neg-
ative samples are effectively mitigated, indicating that the tripartite contrastive learning
strategy successfully enhances intra-class cohesion and inter-class separability. On the
MVSA-Multiple dataset, which inherently presents more complex sentiment distributions
due to multi-text annotations, the model demonstrates robust performance. While positive
samples maintain a certain spatial span, their internal cohesion is notably improved, and
misclassi cations are reduced. This validates the model's ability to maintain stable senti-
ment representation via cross-modal mutual supervision, effectively resolving distribution
disorders caused by modality imbalance. Collectively, these visualizations con rm that
SAMS-M successfully aligns heterogeneous modalities into a shared latent manifold, en-
hancing the complementarity and robustness of cross-modal features through multi-path
contrastive constraints.

4.7. Fusion Strategy Comparison

To evaluate the effectiveness of our gating-based noise-robust fusion module, we perform
comparative experiments with alternative fusion strategies on the MVSA-Single dataset

in Figure 5. The results demonstrate that the NoiseRobustFusion module achieves the
best performance among the compared fusion strategies with an accuracy of 78.19%,
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Fig. 5. Comparison of different fusion strategies on the MVSA-Single dataset.

Table 5. Classi cation accuracy comparison across different sentiment categories

Dataset Positive(%) Neutral(%) Negative(%)
MVSA-Single 90.94 37.23 67.16
MVSA-Multiple 93.88 10.91 55.47

outperforming weighted average, simple concatenation, and traditional attention-based
fusion by 1.27%, 2.17%, and 2.78%, respectively. Simple concatenation merely joins fea-
tures without modeling semantic correlations, resulting in substantial redundancy. Static
weighted average fails to adapt to the dynamic changes in image-text semantics, while
traditional attention-based fusion, despite capturing cross-modal correlations, lacks the
capacity for targeted sentiment focus and noise suppression. In contrast, NoiseRobustFu-
sion adaptively regulates modality contributions via the gating mechanism and suppresses
background noise through explicit sentiment-guided alignment, con rming its pivotal role

in enhancing fusion quality and sentiment classi cation precision.

4.8. Category Imbalance Analysis

We conduct a detailed performance analysis across sentiment categories on the MVSA-
Single and MVSA-Multiple datasets. As shown in Table 5, the model achieves superior
performance on the positive sentiment class (90.94% and 93.88%, respectively), as pos-
itive sentiments typically possess clear semantic and visual cues that are easily captured
by our sentiment-saliency directed alignment mechanism. Performance on the negative
class is moderate (67.16% and 55.47%), while the neutral class remains a signi cant
bottleneck (37.23% and 10.91%). Neutral samples often lack explicit sentiment orienta-
tion, suffer from weak image-text correlation, and are heavily affected by inherent dataset
class imbalance. In particular, compared with positive and negative samples that usually
contain stronger emotional expressions, neutral samples tend to involve subtle seman-
tic differences and ambiguous visual-textual relationships, making them more dif cult to
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