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Abstract

Multimodal sentiment analysis (MSA) utilizes complementary information from different
modalities to achieve a more thorough and fine-grained understanding of human senti-
ment. To address the issues of high modality redundancy and insufficient refined cross-
modal alignment, this article introduces MSF-TGRA (Multi-Scale Fusion with Text-Guided
Redundancy-Aware Attention), a text-guided dual-path interaction model, which draws
on the hybrid architecture of CM-UNet and the global-local feature learning approach
of TransXNet. The proposed model consists of two main components. The Overlapping
Feature Dimensionality Reduction Attention (OFDRA) module reduces intra-modal redun-
dancy while enhancing the capture of behavioral cues such as micro-expressions, intonation
pauses, and emotionally salient textual signals. The Text-Guided Multi-Scale Hybrid At-
tention (TGMHA) module uses textual semantics to guide cross-modal attention, enabling
local feature fusion, global dependency modeling, and fine-grained cross-modal alignment.
Overall, the model highlights the value of using text as the primary modality to steer
multimodal interactions and offers a new methodological perspective for pushing forward
MSA research.

Keywords: multimodal sentiment analysis; cross-modal alignment; feature redundancy
reduction; text-guided attention

1. Introduction

With the widespread adoption of social media and video-sharing platforms, multi-
modal sentiment analysis (MSA) has become an important approach for understanding
users’ attitudes and emotional states [1-3]. Unlike traditional sentiment analysis methods

R) Check for updates that rely solely on textual signals [4-8], multimodal approaches jointly exploit information

from multiple modalities, such as text, visual cues, and audio signals, thereby offering the
Received: 6 February 2026

Revised: 24 April 2026
Accepted: 21 May 2026

potential for improved accuracy in emotion recognition [9].
In recent years, significant progress has been made in multimodal modeling.
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cross-modal alignment in many approaches predominantly relies on coarse-grained feature-
level matching, which makes it difficult to precisely capture fine-grained correspondences
between textual semantics and non-textual behavioral signals [18-22].

Moreover, while LLMs exhibit impressive performance in text-centric tasks, they
typically require substantial computational resources and inference time, which limits their
practicality in real-time or resource-constrained MSA scenarios [16,17]. This computational
burden becomes especially pronounced when processing multimodal sequences, where
efficient fusion of visual and acoustic signals is essential [23-27].

To address these limitations, we propose a text-guided multi-scale fusion model
termed MSF-TGRA (Multi-Scale Fusion with Text-Guided Redundancy-Aware Attention).
The central idea of the model is to use text as the semantic anchor for multimodal analy-
sis [28-30]. Specifically, we introduce an Overlapping Feature Dimensionality Reduction
Attention (OFDRA) module to reduce intra-modal redundancy [24-26,31], followed by a
text-guided multi-scale hybrid attention (TGMHA) module for fine-grained cross-modal
alignment between textual semantics and non-textual signals [20,21,32]. For multi-scale
fusion, we employ a Multi-Scale Attention Aggregation (MSAA) module with parallel
convolutional kernels of sizes 3 x 3,5 x 5, and 7 x 7 to capture local, intermediate, and global
temporal dependencies simultaneously. This parallel design avoids information attenua-
tion during propagation and allows affective cues at different granularities to contribute
equally to the final prediction.

Our work focuses on scenarios where multimodal data are available and non-textual
modalities provide complementary affective cues, such as visual micro-expressions and
acoustic prosodic variations [28-30,33]. Through extensive experiments, we compare
MSE-TGRA with LLM-based baselines across multiple dimensions, including accuracy,
parameter count, and inference latency.

Unlike prior multimodal fusion approaches that treat all modalities symmetrically
(e.g., TEN and LMF) or rely on pairwise cross-attention without explicit semantic guidance
(e.g., MulT), the proposed MSF-TGRA integrates three complementary mechanisms: text-
guided cross-modal attention, multi-scale parallel convolution, and overlapping temporal
compression. The contribution of this work lies not in any single component alone but in
their synergistic integration within a unified text-guided framework. This design jointly
addresses intra-modal redundancy, cross-modal misalignment, and multi-granularity tem-
poral modeling, which are often handled separately in existing methods.

The main contributions of this work can be summarized as follows:

*  Opverlapping Feature Dimensionality Reduction Attention (OFDRA): We introduce
an attention mechanism that jointly reduces temporal and spatial feature dimensions
within each modality. This design enhances the representation of discriminative
features while preserving computational efficiency, effectively reducing redundancy
and highlighting behaviorally relevant signals.

¢ Text-Guided Multi-Scale Hybrid Attention (TGMHA): A text-guided multi-scale hy-
brid attention structure is developed to dynamically adjust the relative importance of
different modalities. Through adaptive weighting, the model achieves fine-grained,
semantics-aware cross-modal alignment, leading to improved sentiment representa-
tion and interpretability [9,34].

¢  Comprehensive Empirical Validation: Extensive experiments on MSA benchmark
datasets demonstrate the effectiveness and generalization ability of the proposed
framework compared with state-of-the-art methods, with particular attention to
efficiency-accuracy trade-offs [13,27,35].

The remainder of this article is organized as follows. Section 2 reviews related work,
emphasizing common methodologies and their limitations. Section 3 presents the design
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and implementation of the proposed text-guided multi-scale hybrid attention network
with overlapping spatiotemporal dimensionality reduction. Experimental evaluations on
benchmark datasets and comparisons with baseline methods are detailed in Section 4.
Finally, Section 5 concludes the study and discusses future work.

2. Related Work
2.1. Evolution of MSA Methods

Research on MSA relies on high-quality aligned datasets. Widely used benchmark
datasets include CMU-MOSI 2199 video segments) and CMU-MOSEI (23,454 video seg-
ments), both of which are derived from YouTube product review videos and provide
aligned textual, visual, and audio modalities [35]. Other datasets, such as CH-SIMS (Chi-
nese, 2281 segments) and MELD (conversational setting, approximately 13,000 segments),
offer evaluation benchmarks under cross-lingual and multi-speaker scenarios. A detailed
comparison of these datasets can be found in the relevant literature [31,36,37].

The core challenge in MSA lies in effectively integrating heterogeneous features from
different modalities, such as text, speech, and visual signals [38,39]. With deep learn-
ing, numerous advanced techniques and methods have been developed to improve the
performance of MSA. Despite substantial progress, effectively aligning and integrating
information across modalities, particularly considering semantic disparities, remains a
significant challenge [30,38—40].

Traditional MSA largely relied on shallow feature fusion strategies. The most com-
monly adopted approaches were feature concatenation and weighted averaging [4—0].
These methods combine features from multiple modalities either by direct concatenation or
by computing a weighted average, forming a unified feature vector for sentiment classifica-
tion tasks. Such methods are straightforward, computationally efficient, and can improve
classification performance to a certain degree. For instance, early studies [1,4,5,41] utilized
concatenated multimodal features to enhance a model’s perception of emotions.

Nonetheless, these techniques are subject to a few limitations. To begin with, they
often fail to fully capture inter-modal semantic relationships, which can lead to information
loss during feature fusion. Further, their simplistic fusion strategies make it difficult to
exploit the complementary information across modalities effectively [2,6,42].

Owing to the growth of deep learning, neural network-based methods have emerged
as the dominant paradigm for cross-modal modeling. Transformer-based architectures, for
instance, leverage self-attention mechanisms to facilitate global context modeling, allowing
networks to capture long-range dependencies effectively [10,12,13,15]. Such architectures
significantly enhance the integration capability across modalities, and Transformer-based
models have been witnessed to achieve remarkable performance in sentiment recognition
tasks thanks to their powerful feature modeling ability [12,42,43].

Furthermore, extensions of the Transformer architecture, such as cross-modal attention
mechanisms, dynamically compute weights across modalities to facilitate inter-modal
interaction [11,12,40]. This approach allows models to align information more effectively
between different modalities, enhancing the overall fusion performance. Despite their
theoretical advantages, these methods face practical challenges. To start with, they often
encounter computational efficiency bottlenecks when processing long sequences, as the
computational complexity grows quadratically with input length, increasing training and
inference time [16,17]. Next, such methods rarely consider dimensionality reduction and
feature compression for high-dimensional features, which may result in overfitting and
limit model generalization [23-27].

Recent research has emphasized effective cross-modal feature alignment as a critical
component in MSA [18-22]. Text modality, in particular, provides rich semantic guidance
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for aligning features from other modalities and can guide the selection and weighting of
visual and audio features to improve multimodal representation. Text-guided information
enables models to dynamically adjust the contribution of each modality, improving cross-
modal fusion without explicitly relying on separate noise-handling mechanisms [32].

2.2. Attention Mechanisms and Feature Dimensionality Reduction

Attention mechanisms exhibit strong performance in multimodal tasks and have become
a key method for feature fusion and for capturing complex dependencies [13,35,44]. By
adaptively weighting the relevance of input elements, these mechanisms allow models to
emphasize the most salient information, thereby improving performance in MSA.

Among various attention designs, multi-head attention is the most widely adopted
architecture for capturing diverse dependency types. It computes attention distributions
across multiple representative subspaces in parallel, substantially strengthening feature
representation and enabling the model to attend to information from diverse perspec-
tives [15,35]. In MSA, this capability is crucial for identifying and integrating complemen-
tary cues from heterogeneous modalities [13,43,44].

However, computing attention directly in high-dimensional feature spaces often incurs
substantial computational and memory demands, particularly when dealing with long
sequences [15,17]. In response to this challenge, several efficient attention formulations
have been introduced. Sparse attention lowers the overall complexity by restricting the
attention range to a selected subset of input elements, while low-rank attention reduces the
size of the attention matrix through low-rank factorization [23-25].

Feature dimensionality reduction offers an alternative approach for handling high-
dimensional features. By projecting features into a lower-dimensional space, models can re-
duce computational demands and mitigate overfitting. Low-rank decomposition, a widely
used dimensionality reduction technique, compresses feature dimensions through matrix
factorization [23,25]. Nevertheless, this approach can discard high-frequency information
and may not preserve sufficient discriminative power in complex multimodal datasets.

To improve upon standard dimensionality reduction techniques, more advanced
compression strategies have been developed. Among these, dynamic convolutional down-
sampling employs learnable convolutional kernels to achieve adaptive compression while
retaining essential feature information [24,31]. Nevertheless, a common limitation of exist-
ing methods is their insufficient consideration of joint spatiotemporal optimization, which
is particularly crucial for effective multimodal representation learning in sentiment analysis
contexts [26,33,34,37].

2.3. Text-Guided Cross-Modal Fusion

Text modality, due to its inherent semantic interpretability, plays a central role in MSA.
Semantic information from text is widely recognized as essential for cross-modal alignment
and feature fusion [28-30,45].

Consequently, text-guided attention has become a key approach in MSA. By leveraging
explicit semantic cues, textual information can guide the alignment of visual and audio
features. For instance, text-guided attention models dynamically adjust the attention
distributions of visual and audio modalities based on textual input [20,21], enabling the
model to selectively focus on emotion-relevant regions in other modalities and thereby
enhancing sentiment recognition [32,46].

Most existing approaches rely on single-scale attention mechanisms, which restrict
their capacity to capture interactions across multiple granularities. In scenarios involving
partial modality masking, single-scale attention may fail to identify critical cues, reducing
overall performance [21,22,47].
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To address this limitation, recent studies have incorporated multi-scale feature fusion
strategies. By integrating features at multiple scales, models can capture emotion-relevant
information at both global and local levels, improving multimodal sentiment understand-
ing [21,24,34]. Semantic graph-based approaches, for example, leverage textual semantics
to guide cross-modal alignment through multi-granularity feature integration [9,34]. De-
spite these advances, current methods remain limited in fully capturing spatiotemporal
dependencies, which are crucial for modeling complex cross-modal interactions [26,33,40].

Large multimodal models (LMMs) such as GPT-4 [48] and Flamingo [49] have been
applied to sentiment analysis and can handle both text and images with strong performance
on benchmarks. They are, however, not specifically designed for affective computing and
often fail to capture subtle interactions between verbal and non-verbal cues. Instruction
tuning and prompt-based methods [50,51] can improve task generalization, but they do
not fully address computational cost or latency in real-time use.

Meanwhile, task-specific models, such as Tensor Fusion Network (TFN) [42],
MISA [18], and Memory Fusion Network (MFN) [52], remain more efficient and inter-
pretable by explicitly modeling cross-modal interactions, which is important for appli-
cations requiring transparency, like mental health or education. Building on this line of
work, the proposed MSF-TGRA adopts an explicit and structured fusion strategy to model
fine-grained cross-modal affective relationships. Compared with large black-box LMMs,
MSF-TGRA requires substantially fewer parameters while providing clearer insight into
modality interactions. Even with parameter-efficient methods such as LoRA [53] or com-
pressed models like DistilBERT [54], LMM s still demand significantly higher computational
resources and offer limited interpretability, whereas MSF-TGRA demonstrates stronger
generalization in data-scarce scenarios.

A multi-view text-guided fusion network was proposed for brain tumor segmentation,
demonstrating the guiding role of textual semantics in medical image understanding [55].
Multi-granularity image—text semantic learning has been adopted for image restoration
tasks, highlighting the effectiveness of text guidance in generative settings [56]. Subse-
quently, researchers introduced a text-guided enhanced Transformer-based fusion approach
for multimodal sentiment analysis, providing additional evidence for the value of text-
dominant strategies in affective recognition [57].

These recent advances indicate that text-guided multimodal learning is extending
beyond conventional classification tasks to a broader range of applications, including
segmentation, generation, and sentiment analysis. Additionally, hybrid architectures com-
bining convolutional and Transformer components have shown promise in various domains
(such as CM-UNet [58] and TransXNet [59]), further supporting the design rationale of
our multi-scale approach. The present work is aligned with this emerging direction, while
specifically addressing the efficiency, interpretability, and practical deployment limitations
of contemporary large multimodal models through a specialized, lightweight architecture.

3. Methodology
3.1. Task Definition

Multimodal sentiment analysis (MSA) is the computational study of inferring a
speaker’s sentiment or opinion polarity by jointly analyzing their communicative signals
from two or more modalities. The most commonly studied modalities are language (tex-
tual transcript), vision (facial expressions, gestures), and acoustic (tone of voice, prosody).
This analysis is typically performed on data such as video blogs, online reviews with
video, or conversational dialogues [1,2]. Formally, let the multimodal dataset be defined
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as D = {Uy,U,,..., Uy}, where N is the total number of utterances. Each utterance U;
consists of three modalities:

U]t» e RT>4 text modality 1)
U;’ e RT*%  visual modality ()
U;-l € RTe*da acoustic modality 3)

where T}, and d,; denote the sequence length and feature dimension of modality m, respec-
tively. The corresponding sentiment labels are denoted as y; € R. The task is to learn a
mapping function:

fUj =y (4)

which predicts the sentiment label from multimodal inputs. The challenge lies in effec-
tively integrating heterogeneous features across modalities while capturing cross-modal
interactions and maintaining computational efficiency.

3.2. Overall Architecture

The proposed MSF-TGRA model is organized as a sequential pipeline for handling
modality heterogeneity and achieving hierarchical text-guided multimodal fusion. As
illustrated in Figure 1, the model consists of six core modules that work collaboratively
within a text-guided paradigm:

*  Modality-Specific Feature Projection maps heterogeneous textual, visual, and acoustic
inputs into a shared latent space, providing a unified basis for subsequent cross-modal
interaction.

e Text-Guided Cross-Modal Attention employs a Q-K-V mechanism in which textual se-
mantics serve as the query to selectively attend to and align with relevant information
in the visual and acoustic modalities, which act as key—value pairs.

*  Residual Blocks with Feed-Forward Networks stabilize the optimization process and
refine the attended features through non-linear transformations, while preserving
original information via skip connections.

*  Multi-Scale Attention Aggregation (MSAA) captures affective cues across different
temporal granularities by applying parallel convolutional kernels, enabling the model
to integrate fine-grained micro-expressions, medium-term transitions, and global
affective trends.

¢  Opverlapping Feature Dimensionality Reduction Attention (OFDRA) compresses the
fused temporal sequence by aggregating features over overlapping windows, effec-
tively reducing redundant information while preserving sentiment-critical variations
for efficient downstream processing.

*  Regression Layer predicts the final sentiment intensity from the distilled and tempo-
rally weighted multimodal representation.

Together, the text-guided cross-modal attention, residual refinement, and multi-scale
aggregation stages constitute the text-guided multi-scale hybrid attention (TGMHA) path-
way, which is referred to as a single module in the abstract and contributions for brevity.

These modules work together to support effective sentiment inference. The process
begins by aligning features into a common space. Textual semantics then guide cross-modal
attention toward relevant non-verbal cues. The resulting features are refined and fused
across multiple temporal scales, after which a redundancy-aware temporal compression
step highlights the most salient moments for final prediction. This design ensures that
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textual information consistently anchors the fusion process while balancing interpretability
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Figure 1. Overall architecture of the proposed model. Textual, visual, and acoustic features are first
projected into a shared space and then processed by a bidirectional cross-modal attention module
through Q-K-V interactions. The attended features are further refined by residual blocks before
multi-scale fusion (MSAA). OFDRA-based temporal attention is subsequently applied to reduce
redundant temporal dynamics, and a regression layer is finally used to predict sentiment intensity.
Note: The colors in this figure are used solely for visual distinction and do not encode specific

categories, levels, or semantic meanings.

3.3. Modality Projection

Given input sequences Ut, U?, and U* for text, visual, and acoustic modalities, respec-
tively, each modality is first projected into a shared latent dimensionality d:
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H; = Linear;(U') € RT*4, &)
H, = Linear,(U?) € RT*9, (6)
H, = Linear,(U%) € R™*. 7)

The unified projection facilitates subsequent attention-based interactions and reduces
bias caused by modality-specific feature scales. Specifically, the linear projection layer maps
heterogeneous modality features into a unified semantic space, reducing scale inconsis-
tencies and distributional differences across feature extractors. Without this alignment,
differences in textual sparsity, visual continuity, and acoustic temporal dynamics would
hinder effective cross-modal similarity computation. By projecting all three modalities
into the same latent dimension 4, the model enables attention to operate on semantically
comparable representations and allows textual semantics to guide the selective activation
of visual and acoustic features.

3.4. Text-Guided Cross-Modal Attention (Q—K-V Based)

The Query-Key-Value (Q-K-V) attention mechanism originates from the Transformer
architecture. It maps input features into three spaces: query, key, and value. The query
represents the information being sought, the key represents the available information, and
the value contains the underlying content. The similarity between the query and the key,
computed via dot product, determines the weighting of the value. In this study, textual
features serve as the query to provide semantic guidance, while visual and acoustic features
act as key—value pairs. This design enables selective activation of non-textual modalities
based on textual semantics.

To guide visual and acoustic representations with textual semantics, we adopt text-
guided cross-modal attention following the Q-K-V formulation. Text serves as the query
source, while non-text modalities provide keys and values:

-

Attn;_,, = Softmax ( (HtWQ)\(/I;UWK) ) (H,Wy), (8)
T

Attn;_,, = Softmax ( (HtWQ)éI»;aWK) ) (H,Wy), )

where Wg, Wk, and Wy are learnable projection matrices. This mechanism allows text
tokens to highlight fine-grained visual and acoustic segments that carry sentiment-relevant
clues, aligning with the Q-K-V attention blocks shown in Figure 1.

3.5. Residual Blocks and Feed-Forward Networks

For each guided modality, we apply a residual connection followed by a two-layer
feed-forward network:

H/, = FFN(Attn,_,, + Hy,), (10)
H/, = FFN(Attns_,, + H,), (11)

where FFN consists of a linear layer, a non-linear activation, and another linear layer.

These residual blocks (also visible in the diagram) enable stable optimization and preserve
original modality cues while incorporating cross-modal refinements.
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3.6. Design Principles of the Multi-Scale Fusion Mechanism

The MSAA module employs parallel convolutional kernels of sizes 3 x 3,5 x 5, and
7 x 7 to process fused features at multiple scales (see Section 3.7). This design is motivated
by the multi-granularity nature of emotional expressions:

*  Local scale (3 x 3 kernel) captures short-term, fine-grained emotional variations, such
as transient facial micro-expressions and sudden prosodic changes. These local cues
are important for identifying emotion shift points.

e Intermediate scale (5 x 5 kernel) models medium-duration emotional patterns, such as
phrase-level prosodic changes and short sequences of facial actions. This scale helps
capture transitions in emotional expression.

*  Global scale (7 x 7 kernel) extracts long-term dependencies and overall affective trends,
such as the general positive/negative inclination of a complete utterance, sustained
facial expression states (e.g., full-sentence smile versus tense expression), or overall
speech rate and energy levels.

By processing and adaptively weighting these three scales in parallel, MSAA captures
instantaneous changes, gradual transitions, and overall affective trends in emotional expres-
sion. This multi-granularity modeling is particularly effective in the text-guided setting:
textual features provide semantic anchors within the current temporal window, while
multi-scale visual and acoustic features offer complementary evidence across different time
spans. As a result, the model can better infer underlying emotional tendencies in complex
expressions, including suppressed or gradually intensified emotions.

3.7. Multi-Scale Attention Aggregation (MSAA)

To jointly capture local, mid-range, and global multimodal dependencies, H;, H},, and
H, are reshaped into 4D tensors and fed into a multi-scale convolutional fusion module.
The detailed architecture of MSAA is illustrated in Figure 2.

Cy x HxW

Multi-Scale Fusion

CixHxW

Cix1x1 Crx1x1

Channel Aggregation

Figure 2. Detailed architecture of the Multi-Scale Attention Aggregation (MSAA) module. The upper
branch performs multi-scale parallel convolutions with 3 x 3,5 x 5, and 7 x 7 kernels, followed by
a spatial attention operation (Pool — Conv 7 x 7 — Sigmoid). The lower branch applies channel
attention through a squeeze-and-excitation mechanism (AvgPool — Conv 1 x 1 — ReLU — Conv
1 x 1). The outputs of the two branches are combined through element-wise addition and then
restored to the original channel dimension by a 1 x 1 convolution. Here, ® denotes element-wise
multiplication and @ denotes element-wise addition. Note: The colors in this figure are used solely
for visual distinction and do not encode specific categories, levels, or semantic meanings.
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3.7.1. Channel Reduction

The three reshaped modality tensors are first concatenated along the channel dimen-
sion and compressed via a pointwise convolution:

Xcat = [Xt; Xo; xa] S RCmXHXW/ (12)
Xdown = Conviyi(Xcat) € RV, (13)

where Cj, = 3C; is the total input channel count after concatenation and C, = Cy/r
(r = 4 by default) is the reduced intermediate dimension. This reduction limits the
parameter count of the subsequent multi-scale convolutions while preserving sufficient
representational capacity.

3.7.2. Multi-Scale Parallel Convolution

Three parallel convolutions with distinct kernel sizes are applied to Xqown to capture
patterns at different spatial granularities:

Xms = Convsy3(Xgqown) + Convsys(Xgown) + Convyyz (Xgown) € RC2XHXW, (14)

All convolutions use zero-padding to preserve spatial resolution (H x W). The element-
wise summation fuses multi-scale responses into a unified representation.

3.7.3. Spatial Aggregation

A spatial attention map is computed from the multi-scale features to highlight infor-
mative spatial positions:

M; = o Convyy 7 [AvgPool . (Xms); MaxPool.(Xms)])) € RIXHXW (15)
Xs = Xms © M, (16)

where AvgPool. and MaxPool; denote channel-wise average and max pooling, ¢ is the
sigmoid function, and ©® denotes element-wise multiplication (broadcast along channels).
The 7 x 7 convolution aggregates neighborhood statistics to produce a single-channel
attention map that selectively enhances emotionally salient spatial regions.

3.7.4. Channel Aggregation

A channel attention vector is derived from the reduced features to recalibrate inter-
channel importance:

M. = o(W, - ReLU(W; - AvgPool, (Xgown))) € R2*1¥1, (17)
XC = Xdown © MC/ (18)

where AvgPool, denotes global spatial average pooling, and W; ¢ R(C2/7)%C,
W, € R2*(Q/") are bottleneck projection matrices with reduction ratio r' = 4. This
channel attention mechanism follows the squeeze-and-excitation paradigm, selectively
amplifying sentiment-discriminative channels.

3.7.5. Dual-Branch Fusion and Channel Restoration

The spatially attended and channel-attended branches are combined via element-wise
addition and restored to the original channel dimension through a pointwise convolution:

Fisaa = Conlel(xs + Xc) € ROHXW, (19)
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This dual-branch design enables MSAA to jointly model spatial attention (where to
attend) and channel attention (what to attend), thereby producing a more comprehensively
refined multimodal feature map for downstream temporal processing. The 4D output Fmsaa
is reshaped back to a 3D temporal sequence F € REXT*? (where T = H x W and d = Cy)
before being passed to the OFDRA module.

3.8. OFDRA-Based Temporal Attention and Regression

After multi-scale fusion, we apply an Overlapping Feature Dimensionality Reduction
Attention (OFDRA) module to refine temporal dependencies. The internal architecture of
OFDRA is depicted in Figure 3. OFDRA is designed to perform temporal compression
over partially overlapping feature windows, preserving sentiment-critical variations while
compressing redundant or noisy temporal patterns.

ﬁ“

C/2x8 xS

le
€

dso

C/2xHxW C/2x HxW

VSHIN

>

C/2x HxW

‘ Jeur| ’ [Jeaur[J [Jeaur[J

l

Figure 3. Architecture of the Overlapping Feature Dimensionality Reduction Attention (OFDRA)
module. The input feature map is first processed by an overlapping reduction block (denoted
as OSR in the figure), which performs depthwise convolutional downsampling with overlapping
windows. Three linear projections are then used to generate the query (Q), key (K), and value (V)
representations at asymmetric resolutions, where Q is kept at full resolution, while K and V are
computed at the reduced resolution S x S. Multi-Head Self-Attention (MHSA) then computes the
attention map between the full-resolution query and the compressed key-value pairs, producing a
refined output at the original resolution. Note: The colors in this figure are used solely for visual
distinction and do not encode specific categories, levels, or semantic meanings.

3.8.1. Formal Definition

Given the fused temporal sequence F € REXT*4 OFDRA first transposes it to channel-
first format X = FT € RB*4xT  then performs temporal compression via a two-stage
overlapping convolutional downsampling controlled by the reduction ratio p:

Stage 1: Overlapping depthwise convolution. A depthwise separable convolution with
kernel size K5 = p + 3, stride p, and padding | K, /2] is applied group-wise (groups = d) to
produce a compressed key-value sequence:

Xsr = BN (LeakyReLU (DWConv1D(X; K, p))) € REX4<T) (20)

where T' = [T/p] denotes the reduced temporal length. When p = 1, the module
degenerates to an identity mapping (no downsampling). The overlapping design (Ks > p)
ensures that adjacent windows share Ky — p = 3 positions, preserving temporal continuity
across segment boundaries. A subsequent pointwise convolution (1 x 1) followed by batch
normalization further refines the channel-wise representation.
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Stage 2: Local context enhancement. A local depthwise convolution with kernel size 3
and padding 1 captures fine-grained temporal context, combined with a residual connection:

Xy = LocalConv(Xg;) + Xgr € RBxdxT', (21)

Stage 3: Q-K-V attention with temporal compression. Query, key, and value represen-
tations are computed using separate 1 x 1 convolutions:

Q = WX € REX¥T, (22)
K, V = split(W2, Xy, ) € REX4<T', (23)

where Wg € R?*4 and Wg,, € R?*2? are learnable projection matrices implemented as
1 x 1 convolutions (superscript “o” distinguishes these from the cross-modal projections
in Section 3.4). For multi-head attention with /i heads, we reshape each into RE*/x(@/h)x-

and compute:

QK' BxhxTxT
Attn = Softmax N eR , (24)
F=(Attn- V) e REXTxd, (25)

Note that the attention matrix has dimensions T x T’ rather than T x T, achieving temporal
compression within the attention computation itself.

3.8.2. Design Rationale for p and Computational Complexity

The reduction ratio p controls the trade-off between computational cost and temporal
resolution. With p = 1, the module performs full-resolution self-attention; increasing p
reduces the key-value sequence length proportionally, lowering both memory and com-
putation requirements. The overlapping kernel (Ks = p + 3) ensures that even at higher
reduction ratios, no temporal position is entirely excluded from the compressed representa-
tion, thereby reducing abrupt information loss at window boundaries. In practice, we set
p = 1 (no downsampling) as the default configuration based on validation performance
(see the sensitivity analysis in Section 4.6.1).

Standard self-attention over the full sequence requires O(T?d) operations. OFDRA
reduces this to O(T - T’ - d) where T' = [T/p], yielding a complexity of O(T?d/p). The
additional depthwise convolutions contribute O(T - d - Ks/p), which is negligible compared
to the attention computation. Under the default configuration (T = 50, d = 512, p = 1), the
total FLOPs of OFDRA are approximately 1.28 M per sample.

3.8.3. Temporal Attention Pooling and Regression

The refined features F are passed to a temporal attention layer that learns to weight
different timesteps:

T, T
W = TQXP(—WFIT)~, z=) uF, (26)
ijl exp(w Fj) i=1

where w € R? is a learnable vector controlling temporal importance. Finally, a two-layer
multi-layer perceptron (MLP) with ReLU activation predicts sentiment intensity:

§ = W, - ReLU(W,;z + by ) + bs. (27)
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OFDRA thus compresses redundant temporal structures while preserving the ex-
pressive cues needed for fine-grained sentiment prediction, achieving a balance between
representation capacity and computational efficiency.

3.9. Loss Function

The overall training objective integrates a regression loss, a bounded-range penalty,
and cross-modal alignment constraints. The complete loss function is formulated as:

£ = MAE(9, ) + B[ (clip(f, —3,3) - 9)*| (28)
+aLasr+BLyoT,

where MAE serves as the primary regression objective, and the range constraint weighted
by A prevents predictions from drifting outside the valid sentiment interval.

To further enforce semantic consistency across modalities, we incorporate audio-text
and video—-text contrastive alignment losses:

exp(s(A,T)/ )
L =1 , 29
AT og Zin1 xp(s(A,T)/T0) (29)
Lyor = —1lo exp(s(V,T) /1) (30)

LM exp(s(V, T) /)

where s(+, -) denotes cosine similarity. The contrastive temperature 7, controls the sharpness
of the similarity distribution, and M is the number of negative samples in each batch. The
coefficients « and 8 balance the contributions of audio-text and video—text alignment
during optimization.

Overall, A regulates the influence of the bounded-range penalty, 7. modulates the
sensitivity of the contrastive logits, M governs the difficulty of the alignment task, and
«, B adjust the alignment strength across modalities. Together, these components reinforce
text-guided cross-modal coherence, prevent modality drift, and enhance the stability of
the fused multimodal representation, fully consistent with the text-guided architecture in
Figure 1.

4. Experiments

This section aims to evaluate the effectiveness of the proposed MSF-TGRA, focusing
on: (1) overall performance on standard benchmarks, (2) the contribution of each key
component, and (3) the role of text-guided semantics in cross-modal alignment.

4.1. Datasets

Experiments were conducted on four benchmark datasets for multimodal senti-
ment analysis:

CMU-MOSI (Multimodal Opinion Sentiment Intensity): This dataset contains
2199 video segments from 93 YouTube opinion videos [35]. Each segment includes aligned
textual features (GloVe word embeddings [60], 300 dimensions), visual features (Facet facial
action units, 35 dimensions; extracted using the FACET toolkit (iMotions 11, 2017)), and
audio features (COVAREP acoustic features, 74 dimensions) [61,62], with continuous senti-
ment intensity annotations ranging from —3 to +3, which can be converted to binary labels
(positive/negative). Dataset splits follow the official standard: 1284 samples for training,
229 for validation, and 686 for testing, divided by speaker ID to prevent data leakage.

CMU-MOSEI (Multimodal Opinion Sentiment and Emotion Intensity): This dataset
consists of 23,454 video segments from 1000 YouTube videos, covering 250 distinct speak-
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ers [35]. Modalities are identical to MOSI, with sentiment intensity labeled on a 7-point
scale from —3 to +3. Dataset splits include 16,326 training samples (~70%), 1871 validation
samples (~8%), and 4659 test samples (~20%), divided by speaker to ensure no overlap
between training and test sets. Sequence lengths are padded or truncated to 50 frames to
maintain batch consistency.

CH-SIMS (Chinese Single- and Multi-modal Sentiment Analysis): This dataset contains
2281 Chinese video segments annotated with continuous sentiment intensity from —1 to
+1 [63]. The data were randomly split into 1368 training samples (60%), 456 validation
samples (20%), and 457 test samples (20%), with a fixed random seed (seed = 42) to ensure
reproducibility, since no official split is provided.

MELD (Multimodal EmotionLines Dataset): This dataset includes 13,000 dialogue
segments annotated with seven discrete emotions [64]. Dataset splits follow the official
setting: 9989 training samples, 1109 validation samples, and 2610 test samples, divided by
dialogue context.

The rationale for selecting these four datasets is as follows: (1) CMU-MOSI and
CMU-MOSEI are the most widely used English benchmarks, ensuring comparability with
prior work; (2) the complexity and diversity of MOSEI allow evaluation of text-guided
multimodal mechanisms under boundary scenarios; (3) CH-SIMS and MELD provide a
means to assess model generalization across languages and conversational contexts.

4.2. Experimental Settings

All experiments were conducted on a single NVIDIA GeForce RTX 4060 GPU (8 GB
VRAM) using PyTorch 1.12.1. Batch sizes were set to 32 for CMU-MOSI and CMU-MOSEI,
and 16 for CH-SIMS and MELD due to sequence length constraints. We used the AdamW
optimizer implemented in torch.optim.AdamW of the PyTorch 1.12 framework (Meta Al,
Menlo Park, CA, USA), with a learning rate of 5 x 107> and weight decay of 5 x 107%.
Models were trained for 100 epochs with early stopping (patience = 10). A learning rate
schedule combining eight epochs of linear warmup followed by cosine annealing was
applied. Each experiment was repeated five times with different random seeds (seeds: 1234,
2345, 3456, 4567, 5678), and we report the mean =+ standard deviation. We used pretrained
feature extractors (GloVe for text, Facet for visual, and COVAREP for acoustic modalities)
and kept them frozen during training.

Rationale for feature extractors. We selected GloVe, Facet, and COVAREP in accor-
dance with the standard experimental protocol of the CMU-MOSI/MOSEI benchmarks
and the settings adopted by all compared baselines, thereby ensuring a fair comparison
under identical input conditions. The proposed architecture does not depend on specific
feature extractors: the modality projection layer (see Section 3.3) accepts arbitrary input
dimensions, and the model can be readily extended to modern representations such as
BERT [14], HuBERT [65], or CLIP [66] embeddings by simply adjusting the input projection
dimensions without requiring architectural modifications.

4.3. Evaluation Metrics

To ensure consistent and comparable evaluation across all four datasets, we employ
four metrics: MAE, Corr, MAE (z-score), and Corr (z-score).

MAE (Mean Absolute Error) quantifies the average absolute difference between pre-
dicted and ground-truth sentiment scores; lower values indicate higher prediction accuracy.

Corr (Pearson Correlation) measures the linear correlation between predicted and
annotated scores; higher values indicate stronger agreement.

MAE (z-score) and Corr (z-score) are standardized scores that facilitate cross-dataset
comparison. For each dataset and metric, we first compute the mean (y) and standard
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deviation () across all baseline models (excluding our method). The z-score is then
obtained as:

y— Valueours — Hbaseline

Obaseline

(81)

where Upaseline aNd Tpaseline are derived from the baseline results.

For MAE (lower is better), z < 0 indicates above-average performance, with more
negative z reflecting greater error reduction.

For Corr (higher is better), z > 0 indicates superior correlation, with larger positive z
denoting stronger improvement.

4.4. Baselines and Experimental Setup

We compare our model against the following baselines: TEN [42], LMF [23], MulT [13],
MISA [18], Self-MM [3], and SKEAFN [27]. To ensure fairness, all baseline models were
trained using the same dataset splits, hardware environment, and feature extractors. Hy-
perparameters were determined via grid search on the validation set: learning rates were
selected from {1 x 107°,5 x 107°,1 x 10_4}, dropout rates from {0.1,0.2,0.3,0.4,0.5}, and
hidden layer dimensions from {256,512,768}. The final hyperparameter configurations are
summarized in Table 1.

Table 1. Final Hyperparameter Configurations for Selected Models.

Model Learning Rate Dropout Hidden Dim Batch Size Warmup Epochs
MSF-TGRA 5x107° 0.4 512 32 8
TEN 1x10°4 0.1 256 32 0
MulT 5x107° 0.3 512 32 5
MISA 1x1074 0.2 512 32 0
Qwen-Text 1x10°5 0.1 1536 16 3

TEN explicitly models uni-/bi-/tri-modal interactions via outer-product tensors, but
suffers from cubic complexity.

LMF decomposes the tensor into low-rank factors to reduce computation, yet still
treats every interaction equally.

MulT adopts Transformer-based cross-attention, but its pairwise attention is not
guided by semantic importance.

MISA learns modality-invariant and specific representations via contrastive branches,
without external knowledge.

Self-MM generates pseudo uni-modal labels by self-supervision, enabling effective
label generation even when modality-specific annotations are unavailable.

SKEAEFN enriches text with external sentiment lexicons (SenticNet) and fuses all
modalities by lexicon-weighted attention.

In order to provide a comprehensive evaluation with respect to recent advances, two
additional LLM-based baselines are incorporated. The purpose of including these LLM
baselines is not to claim direct performance superiority over models with fundamentally
different parameter scales. Rather, the comparison serves to (1) establish an upper bound
on text-only semantic modeling capacity, and (2) demonstrate the efficiency-performance
trade-off of our task-specific architecture versus general-purpose large models. MSF-TGRA
is positioned as a lightweight, interpretable, task-specialized model optimized for scenarios
where computational efficiency, real-time inference, and explicit cross-modal interaction
modeling are priorities.

Qwen-Text: Text features are extracted using a locally deployed Qwen2.5-7B model
with 32 Transformer layers (dimension 3584, projected to 1536 via mean pooling over

https://doi.org/10.3390/informatics13060078


https://doi.org/10.3390/informatics13060078

Informatics 2026, 13, 78

16 of 27

the last hidden layer), while visual and audio features remain unchanged (Facet and
COVAREP). The three modality features are concatenated and fed into a three-layer MLP
(dimensions: 1536—512—1) for sentiment regression. The Qwen model weights are frozen
during training (only the MLP head is fine-tuned for 50 epochs with learning rate 1 x 1075).
During inference, 8-bit GPTQ quantization is applied to fit within the 8 GB GPU VRAM
constraint; the quantized model occupies approximately 7.2 GB GPU memory. This baseline
represents the upper bound performance achievable with pure text-based LLM encoding
under frozen-backbone conditions.

Qwen-Fusion: Building on Qwen-Text, a lightweight cross-modal attention module
(2-layer Transformer encoder with hidden dimension 512, 8 attention heads, and dropout
0.1) is added after feature extraction to integrate the three modalities via cross-attention.
The Qwen backbone remains frozen; only the fusion module and regression head are
trained (total trainable parameters: ~20 M). This configuration evaluates whether adding
multimodal fusion on top of strong LLM text representations provides additional benefit,
and quantifies the marginal gain of multimodal signals beyond what LLM-scale text
understanding already captures.

4.5. Performance Analysis

Tables 2-5 present the evaluation results on the four benchmark datasets. To facili-
tate cross-dataset comparison, we report MAE, Corr, and the corresponding z-scores for
each model.

Table 2. Test set results on the CMU-MOSEI dataset. Here and in the following tables, 1 indicates
that higher values are better, whereas | denotes that lower values are better. The best result for each
metric is shown in bold.

Model MAE | Corr 1 MAE (z-Score) |  Corr (z-Score) 1
TEN 0.593 0.700 +0.89 —0.90
LMF 0.623 0.677 +1.71 —1.51
MulT 0.580 0.703 +0.53 —0.83
MISA 0.568 0.724 +0.20 —0.28
Self-MM 0.535 0.763 —-0.71 +0.75
SKEAFN 0.540 0.763 —0.57 +0.75
Qwen-Text 0.528 0.771 —0.90 +0.96
Qwen-Fusion 0.519 0.775 —1.15 +1.06
MSF-TGRA 0.512 £+ 0.007 0.763 + 0.008 —1.34 +0.75

Table 3. Test set results on the CMU-MOSI dataset. 1 indicates that higher values are better, whereas
J denotes that lower values are better. The best result for each metric is shown in bold.

Model MAE | Corr 1 MAE (z-Score) |  Corr (z-Score) 1
TEN 0.901 0.698 +1.21 —1.24
LMF 0.917 0.695 +1.39 —1.31
MulT 0.861 0.711 +0.74 —0.95
MISA 0.804 0.764 +0.08 +0.25
Self-MM 0.737 0.779 —-0.70 +0.59
SKEAFN 0.740 0.784 —0.67 +0.70
Qwen-Text 0.716 0.792 —0.94 +0.88
Qwen-Fusion 0.702 0.801 —1.11 +1.08
MSF-TGRA 0.675+0.008 0.798 + 0.006 —1.42 +1.02

Across all datasets, the proposed MSE-TGRA consistently achieves the lowest MAE
and competitive Corr values. On CMU-MOSEI, MSF-TGRA achieves an MAE of 0.512 (z-
score: —1.34) and a Corr of 0.763 (z-score: +0.75), outperforming the traditional multimodal
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baselines. Although Qwen-Fusion achieves a higher raw Corr value (0.775, z-score: +1.06),
its MAE remains higher than that of MSF-TGRA. This result suggests that the proposed text-
guided multi-scale fusion strategy provides more precise sentiment intensity prediction
while maintaining strong correlation with the ground truth.

On CMU-MOSI, MSF-TGRA achieves an MAE of 0.675 (z-score: —1.42) and a Corr of
0.798 (z-score: +1.02), demonstrating both superior regression accuracy and strong linear
correlation. Notably, although Qwen-Fusion achieves a slightly higher raw Corr value
(0.801), MSF-TGRA delivers comparable correlation performance with 556 x fewer param-
eters and 17 x lower inference latency. This result indicates a more favorable efficiency-
performance trade-off for practical deployment.

On CH-SIMS and MELD, MSF-TGRA consistently demonstrates strong performance
across both metrics, with MAE z-scores of —1.27 and —1.34, and Corr z-scores of +1.11 and
+1.06 respectively. These results demonstrate the model’s generalizability across different
languages and conversational contexts.

It is worth noting that, in some cases, the LLM-based methods (Qwen-Text and Qwen-
Fusion) achieve marginally higher raw Corr values, likely due to their stronger semantic
modeling capacity from large-scale pretraining. However, MSF-TGRA achieves comparable
overall performance at substantially lower computational cost, highlighting the practicality
of the proposed lightweight text-guided multi-scale fusion architecture.

Table 4. Test set results on the CH-SIMS dataset. 1 indicates that higher values are better, whereas |
denotes that lower values are better. The best result for each metric is shown in bold.

Model MAE | Corr 1 MAE (z-Score) ||  Corr (z-Score) 1
TEN 0.478 0.642 +1.25 —1.25
LMF 0.485 0.635 +1.60 —1.59
MulT 0.462 0.658 +0.44 —0.48
MISA 0.449 0.672 —0.21 +0.19
Self-MM 0.445 0.678 —0.42 +0.48
SKEAFN 0.441 0.683 —0.62 +0.72
Qwen-Text 0.435 0.687 —-0.92 +0.92
Qwen-Fusion 0.431 0.689 —1.12 +1.01
MSF-TGRA 0.428 +0.005 0.691 + 0.007 —-1.27 +1.11

Table 5. Test set results on the MELD dataset. 1 indicates that higher values are better, whereas |
denotes that lower values are better. The best result for each metric is shown in bold.

Model MAE | Corr 1 MAE (z-Score) |  Corr (z-Score) 1
TEN 0.525 0.608 +1.21 —1.23
LMF 0.531 0.601 +1.50 —1.58
MulT 0.512 0.621 +0.58 —0.58
MISA 0.498 0.638 —0.09 +0.26
Self-MM 0.492 0.643 —0.38 +0.51
SKEAFN 0.487 0.647 —0.62 +0.71
Qwen-Text 0.479 0.651 —1.00 +0.91
Qwen-Fusion 0.475 0.653 —1.20 +1.01
MSFE-TGRA 0.472+0.006 0.654 4+ 0.009 —1.34 +1.06

4.6. Ablation Study

To evaluate the contribution of each component, we conduct ablation experiments
by removing key modules from our model on the CMU-MOSEI dataset. Table 6 presents
the results. Removing text-guided attention causes the most significant performance
degradation, with MAE increasing from 0.512 to 0.698 (+36.3%) and Corr dropping from
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0.763 to 0.582 (—23.7%), confirming that textual semantics serve as the primary anchor for
cross-modal alignment. The removal of multi-scale fusion leads to an MAE increase to 0.664
(+29.7%) and a Corr decrease to 0.641 (—16.0%), demonstrating its critical role in capturing
emotion-relevant cues at different temporal granularities. Similarly, removing temporal
attention results in an MAE of 0.647 (+26.4%) and a Corr of 0.658 (—13.8%), indicating its
importance in reducing redundant temporal patterns. These results verify that all three
components are necessary for achieving effective cross-modal sentiment understanding.

Table 6. Ablation study on the CMU-MOSEI dataset. Results show the impact of removing key
components. T indicates that higher values are better, whereas | denotes that lower values are better.
The best result for each metric is shown in bold.

Configuration MAE | Corr 1
Full model 0.512 0.763
w /o Text Guidance 0.698 0.582
w /0 Multi-Scale Fusion 0.664 0.641
w/o Temporal Attention 0.647 0.658

Statistical Significance. To verify that the improvements are not due to random varia-
tion, we conducted paired t-tests comparing MSF-TGRA against the strongest non-LLM
baseline (SKEAFN) across multiple runs on each dataset. The results indicate statistically
significant improvements on all four datasets: CMU-MOSEI (p = 0.003 for MAE), CMU-
MOSI (p = 0.002), CH-SIMS (p = 0.008), and MELD (p = 0.005). All reported p-values are
below the 0.01 significance level, confirming the reliability of our improvements.

4.6.1. Extended Ablation: OFDRA Parameter Sensitivity

To analyze the sensitivity of OFDRA to the reduction ratio p, we vary p € {1,2,4}
and report results on CMU-MOSEI (Table 7). The results show that p = 1 (full-resolution
attention) achieves the best performance, while increasing p reduces computational cost
at the expense of slight accuracy degradation. At p = 2, the MAE increases by only 3.5%
while FLOPs are reduced by approximately 45%, indicating a favorable efficiency-accuracy
trade-off for resource-constrained scenarios.

Table 7. Sensitivity of OFDRA reduction ratio p on CMU-MOSEI. 1 indicates that higher values
are better, whereas | denotes that lower values are better. The best result for each metric is shown
in bold.

p MAE | Corr t Relative FLOPs
1 (default) 0.512 0.763 1.00%
2 0.530 0.748 0.55x
4 0.558 0.721 0.32x

4.6.2. Extended Ablation: Multi-Scale Kernel Design

We investigate the contribution of different kernel sizes in the MSAA module by
progressively adding kernels (Table 8). Using only the 3 x 3 kernel captures local patterns
but misses broader temporal context, while the full three-kernel configuration achieves the
best balance.
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Table 8. Effect of kernel combinations in MSAA on CMU-MOSEIL 1 indicates that higher values
are better, whereas | denotes that lower values are better. The best result for each metric is shown
in bold.

Kernel Configuration MAE | Corr 1
3 x 3 only 0.561 0.714
3x3+5x%x5 0.534 0.742
3x3+4+5x5+7 x7(full) 0.512 0.763

4.6.3. Extended Ablation: Contrastive Loss Components

We examine the individual contributions of the audio—text (£ 4., 1) and video—text
(Lv 1) contrastive alignment losses (Table 9). Removing both alignment losses causes
a notable degradation in Corr (—6.4%), confirming their role in enforcing cross-modal
semantic consistency. The audio—text alignment contributes slightly more than the video—
text counterpart, consistent with the observation that acoustic prosody provides more
reliable affective cues than visual signals in the MOSEI dataset.

Table 9. Effect of contrastive loss components on CMU-MOSEI. 1 indicates that higher values are
better, whereas | denotes that lower values are better. The best result for each metric is shown in bold.

Loss Configuration MAE | Corr 1
Full (Cpmag +A +a+ B) 0.512 0.763
w/0o Lagot (0 =0) 0.531 0.738
w/o Lyt (B=0) 0.524 0.745
w/oboth (0« = =0) 0.548 0.714

4.7. Computational Efficiency and Model Complexity Comparison

Table 10 presents the efficiency-performance trade-offs across different model cat-
egories. Rather than serving as a direct performance competition, this comparison is
intended to contextualize the proposed model within a broader range of approaches, from
lightweight specialized models to large-scale pretrained systems. The proposed MSF-TGRA
model uses only 12.6 M trainable parameters and has an inference latency of 8.3 ms per sam-
ple. Both values are substantially lower than those of Qwen-Text (7 B parameters, 142 ms
per sample) and Qwen-Fusion (7.02 B parameters, 156 ms per sample). Under the same
MAE threshold (<0.52), MSF-TGRA provides a highly favorable efficiency-performance
trade-off, achieving comparable prediction accuracy to the LLM-based approaches while
requiring 556 x fewer parameters and 17 x lower inference latency. This result suggests that,
for MSA tasks where multimodal behavioral cues are available, a well-designed lightweight
architecture with explicit fusion mechanisms can achieve competitive performance without
the computational overhead of large pretrained models.

All models were evaluated under the same hardware setup (NVIDIA 4060 GPU, batch
size 32) to ensure fairness. Inference time measurements include forward propagation but
exclude data loading and are averaged over 1000 samples. Qwen model inference times
are based on measured 8-bit quantized implementations.
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Table 10. Efficiency-Performance Comparison on the CMU-MOSEI Test Set. 1 indicates that higher
values are better, whereas | denotes that lower values are better. The best result for each metric is
shown in bold.

Model Params (M) Infer. Time (ms) MAE | Corr 1
TFN 8.2 6.1 0.593 0.700
LMF 5.4 4.8 0.623 0.677
MulT 18.7 11.2 0.580 0.703
MISA 15.3 94 0.568 0.724
SKEAFN 14.1 10.7 0.540 0.763
Qwen-Text 7000.0 142.0 0.528 0.771
Qwen-Fusion 7020.0 156.0 0.519 0.775
MSF-TGRA 12.6 8.3 0.512 0.763

4.8. Case Study: Complementary Role of Multimodal Information

To qualitatively demonstrate the effectiveness of the text-guided multimodal mecha-
nism, we selected samples from the CMU-MOSEI test set with textual sentiment entropy
greater than 0.8 (ambiguous) or whose text polarity contradicts the labels (sarcastic). Two
representative cases were randomly chosen for detailed analysis.

Case 1:
Ambiguous Textual Sentiment (Sample ID: MOSEI_test_1247).

*  Ground Truth: Negative (—2)

o  Text Content: “I mean, it’s fine, I guess.”

¢ Text-Only Prediction: Neutral (0.1)

*  MSF-TGRA Prediction: Negative (—1.8) v*

Analysis 1:

The text lacks explicit emotional words and has a neutral semantic tendency, causing
the text-only model to misjudge the sentiment polarity. However, the visual modality
shows slight frowning (Action Unit AU4, brow lowering, activation = 0.7) and reduced
facial engagement (AU12, lip corner pulling, activation = 0.2), while the audio modality
exhibits low energy (mean FO = 112 Hz, below the speaker’s average of 145 Hz) and a flat
pitch contour (range = 23 Hz). Under the “weak-emotion” guidance from textual semantics,
the TGMHA module assigns higher weights to emotion-relevant visual segments (micro-
expression frames) and acoustic segments (low-energy regions), achieving fine-grained
cross-modal alignment. Meanwhile, the OFDRA module suppresses redundant temporal
information (e.g., static frames and steady speech segments), retaining only key behavioral
cues. The multi-scale fusion mechanism plays a critical role: the 3 x 3 kernel captures
instantaneous frowning actions, the 5 x 5 kernel models gradual facial transitions from
neutral to negative, and the 7 x 7 kernel confirms sustained low engagement, with all three
scales consistently indicating negative sentiment. This case demonstrates that, when textual
sentiment is ambiguous, the text-guided multimodal cues can effectively complement the
text and correct mispredictions.

Case 2:

Conflict Between Textual and Non-Textual Modalities (Sarcasm) (Sample ID: MO-
SEI_test_3891).

*  Ground Truth: Negative (—2)

¢  Text Content: “Yeah, that was really great.”
e Text-Only Prediction: Positive (42.1)

*  MSF-TGRA Prediction: Negative (—1.6) v'
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Analysis 2:

The text explicitly conveys a positive sentiment, causing the text-only model to mis-
classify the sample as positive. However, the ground truth is negative, reflecting sarcastic
expression. MSF-TGRA successfully identifies this discrepancy through non-textual cues:
the audio modality exhibits decreasing pitch (FO drops from 180 Hz to 140 Hz), slowed
speech rate (0.8x normal speed), and elongated voice onset time (VOT extended by 40%),
while the visual modality shows disengaged facial expressions (50% reduction in eye con-
tact, slight downward lip movement (AU15, lip corner depressing, activation = 0.6)). The
multi-scale design of TGMHA captures both local temporal inconsistencies (negative au-
diovisual cues corresponding to the textual positive word “great”) and global cross-modal
dependencies (overall negative tone in prosody and facial expression), detecting senti-
ment incongruence between text and other modalities. Consequently, the model avoids
over-reliance on surface textual polarity, producing the correct negative prediction.

Discussions:

These cases demonstrate that, although textual information dominates the overall
performance on CMU-MOSEI, non-textual modalities can provide complementary and
discriminative emotional cues in specific but practically relevant scenarios, such as am-
biguous or sarcastic expressions. The proposed text-guided mechanism is not intended to
replace textual semantics; rather, it selectively activates informative visual and acoustic
cues when textual evidence is insufficient or ambiguous. This qualitative analysis supports
the quantitative results and validates the rationale for employing a task-specific multimodal
architecture in text-guided sentiment analysis scenarios.

4.9. Modality-Dominant Analysis

We force the fusion pipeline to rely on a single modality by masking the other two
(after projection), aiming to quantify the relative importance of each modality. Table 11
shows that text-guided fusion achieves the lowest MAE and highest correlation, while
visual or acoustic dominance degrades performance sharply. This outcome validates the
design choice of using text as the guiding modality: textual tokens carry the most direct
sentiment-related semantics, whereas visual and acoustic signals are more susceptible to
speaker- and context-specific variations. Consequently, text-guided attention improves
accuracy by filtering out irrelevant variability in the other streams.

Table 11. Modality-dominant experiment on CMU-MOSEL. 1 indicates that higher values are better,
whereas | denotes that lower values are better.

Variant MAE | Corr 1
Text-dominant 0.624 0.642
Visual-dominant 0.815 0.167
Acoustic-dominant 0.814 0.224

4.10. Visualization of Text-Guided Attention

Figure 4 illustrates how textual semantics guide the attention mechanism across modal-
ities. In this example, the sentiment-bearing token “excellent” activates high attention
weights over both the corresponding smiling video frame (visual modality) and the seg-
ment with elevated pitch energy (acoustic modality). This demonstrates that text features
effectively highlight semantically relevant visual and acoustic cues.
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Figure 4. Text-guided cross-modal attention heatmaps. (a) Text self-attention highlights sentiment-
bearing tokens and internal dependencies. (b) Text-guided visual attention focuses on semantically
relevant video frames. (c) Text-guided acoustic attention emphasizes aligned audio segments.
Brighter regions indicate higher attention scores.

The visualization includes three heatmaps: (a) text self-attention, (b) text-guided visual
attention, and (c) text-guided acoustic attention. Brighter values indicate higher attention
weights. The text self-attention map (a) shows internal dependencies among textual
features, where the vertical axis represents text feature dimensions and the horizontal axis
denotes text time steps. The text-guided visual attention map (b) depicts which video-frame
features are emphasized at each text time step, with the vertical axis representing visual
feature dimensions and the horizontal axis representing frame indices. Similarly, the text-
guided acoustic map (c) highlights audio-segment features influenced by text semantics.
These qualitative results support the claim in Section 3 that textual information serves as
a stable anchor for selecting sentiment-relevant cues from non-verbal modalities, thereby
enhancing cross-modal alignment.

5. Conclusions and Future Work
5.1. Conclusions

In this article, we proposed MSF-TGRA, a text-guided multi-scale fusion model for
multimodal sentiment analysis (MSA). The model addresses two critical challenges in
MSA: excessive spatiotemporal redundancy within individual modalities and insufficient
fine-grained cross-modal alignment. To overcome these limitations, we introduced two
core components: the Overlapping Feature Dimensionality Reduction Attention (OFDRA)
module, which effectively mitigates intra-modality feature redundancy, and the Text-
Guided Multi-Scale Hybrid Attention (TGMHA) module, which establishes discriminative
cross-modal alignment under semantic guidance.
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Comprehensive evaluations on four benchmark datasets—CMU-MOSI, CMU-MOSEI,
CH-SIMS, and MELD—demonstrate that MSE-TGRA consistently outperforms state-of-
the-art baselines in terms of MAE and correlation metrics. Comparative analyses with
LLMs (e.g., Qwen variants) reveal that our lightweight architecture achieves competitive
performance while requiring 556 x fewer parameters and 17 x lower inference latency.

This work does not aim to compete with LLMs on text-only sentiment analysis tasks.
Instead, it focuses on scenarios where multimodal data are available and non-textual
modalities provide complementary affective cues, such as visual micro-expressions and
acoustic prosodic variations. Through systematic case analyses, we show that text-guided
multimodal mechanisms can improve predictive accuracy in challenging settings, including
ambiguous emotional expressions and the presence of sarcasm. The primary contribution
of this study lies not in achieving substantial absolute performance gains, but in clarifying
the complementary role of multimodal information under text-guided conditions, as well
as the associated design principles that govern its effective integration.

In summary, this work makes three key contributions. First, we introduce a text-
guided multi-scale fusion model that achieves an effective balance between computational
efficiency and predictive performance. Second, we provide empirical evidence that tex-
tual semantics can act as a reliable anchor for aligning information across modalities in
sentiment analysis tasks. Third, through systematic experimentation, we demonstrate
that well-designed lightweight architectures can be competitive with—and in some cases
outperform—Ilarger LLM-based approaches for specific MSA applications.

Based on our comprehensive experiments, we identify two specific scenarios where
multimodal fusion demonstrates clear advantages over text-only models: (1) ambiguous
textual sentiment (Case Study, Section 4.8), where non-textual behavioral cues disambiguate
neutral or vague linguistic expressions; and (2) sarcastic or incongruent expressions, where
audiovisual signals contradict surface-level textual polarity and enable correct sentiment
inference. These findings provide actionable guidance for practitioners: multimodal archi-
tectures are most justified when deployment conditions involve unreliable or ambiguous
textual input, and text-only models may suffice when high-quality transcripts are consis-
tently available.

5.2. Limitations

Despite the promising results of the proposed method, several limitations should be
acknowledged as current constraints of the present framework.

First, the model’s generalization to specialized domains remains uncertain. While
it performs well on product review and social video datasets such as CMU-MOSI and
CMU-MOSE], its applicability to domains such as clinical or financial sentiment analysis
still requires further validation. In addition, the performance gains are context-dependent:
when textual information is clear and sufficient, the marginal benefit of the multimodal de-
sign may be limited, whereas multimodal fusion becomes more valuable under ambiguous
sentiment conditions.

Second, the current architecture relies on the assumption that text serves as a reliable
semantic anchor. This assumption is reasonable when textual input is of sufficient quality,
such as human-generated transcripts or high-accuracy automatic speech recognition (ASR)
output. However, in real-world deployment, text quality may degrade due to ASR errors,
code-mixed utterances, highly informal language, or domain-specific jargon. In such cases,
the text-guided attention mechanism may propagate unreliable semantic signals to the
visual and acoustic branches. A related issue arises with sarcasm, irony, and other forms of
figurative language, where surface-level textual polarity is misleading: although the case
study in Section 4.8 suggests that non-textual cues can help in some instances, the present
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architecture does not perform dedicated pragmatic reasoning or sarcasm detection, and
performance may degrade when both textual and non-textual cues are ambiguous. Future
work should explore adaptive anchor selection, confidence-aware guidance mechanisms,
or dedicated sarcasm detection modules to address these scenarios.

Third, the current implementation relies on fixed pre-extracted features (GloVe, Facet,
and COVAREP), which limits the ability of the model to benefit from recent advances in
self-supervised representation learning. These extractors were retained to ensure strict
comparability with all baseline methods under identical input conditions. Although the
proposed architecture is compatible with more modern encoders such as RoBERTa [15],
DeBERTa [67], wav2vec 2.0 [68], or HUBERT [65], adopting them in the current study would
make it harder to separate gains from improved input representations from gains due to
the fusion architecture itself.

5.3. Future Work

Future research could proceed along the following directions.

First, model efficiency and adaptability could be improved by exploring lightweight
attention mechanisms and parameter-efficient training methods, such as low-rank adapta-
tion (LoRA) or quantization. Additionally, integrating structured reasoning modules to
incorporate external commonsense knowledge may further enhance the model’s contex-
tual understanding.

Second, extending the model to more diverse real-world scenarios—including multi-
lingual and cross-domain sentiment analysis, context-dependent modality selection, and
downstream tasks such as sarcasm detection or empathetic dialogue—would help evaluate
its generalization capability across varied emotional environments.

Finally, investigating hybrid architectures that combine LLMs with the proposed fusion
framework is a promising direction. Leveraging the powerful semantic understanding of
LLMs as a text backbone, while retaining our lightweight multimodal fusion modules to
process non-textual information, could achieve a better trade-off between performance and
computational efficiency.
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