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ABSTRACT In this paper, we propose SADGR, an adaptive cross-modal emotion recognition framework
that follows an ‘‘align first, modulate second, and fuse later’’ paradigm. First, we introduce a self-supervised
text–audio contrastive alignment (STA-CA) stage, which leverages large-scale unlabeled audio–text data
to map heterogeneous modalities into a shared semantic space prior to fusion. Second, we design an
audio-guided visual gating (AG-VR) mechanism, where emotionally salient acoustic cues dynamically
modulate visual representations, suppressing redundant information while enhancing emotion-relevant pat-
terns. Extensive experiments on the CMU-MOSI and CMU-MOSEI benchmarks demonstrate that SADGR
consistently outperforms state-of-the-art methods across both regression and classification tasks, achieving
superior performance in ACC-7, ACC-2, and F1-score while maintaining competitive correlation results.
These results indicate that explicit self-supervised alignment combined with dynamic cross-modal gating
provides an effective and practical solution for robust multimodal emotion recognition.

INDEX TERMS Contrastive learning, cross-modal emotion analysis, gating mechanism.

I. INTRODUCTION
With the explosive growth of social media and short-video
platforms, multimodal data—integrating text, audio, and
visual information through video - has become a primary
medium for people to express opinions and share emotions
[1], [2], [3].Compared to unimodal sentiment analysis that
relies solely on text, multimodal sentiment analysis (MSA)
can capture richer and more nuanced emotional cues.

For example, a piece of text may appear neutral on the
surface, yet the speaker’s sarcastic tone (audio) and con-
temptuous expression (video) may reveal its true negative
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sentiment [4].Therefore, designing an effective multimodal
fusion framework to integrate these heterogeneous data
and learn powerful emotion representations-capturing both
inter-modal consistency and modality-specific distinctive
information-has become a core challenge in this field [5].

To achieve efficient multimodal information fusion,
researchers have devoted substantial efforts. Early work pri-
marily focused on early fusion and late fusion strategies [6].
Early on fusion involves directly concatenating feature vec-
tors from different modalities at the feature level, which are
then processed by a single model.

While straightforward, this approach overlooks inter-modal
heterogeneity and is susceptible to interference from modal-
ities with poor data quality. Late fusion, on the other hand,
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trains separate models for each modality and integrate their
predictions at the decision level. However, this method
may neglect rich, low-level interactive information between
modalities.

To better capture the complex dynamics between modali-
ties, subsequent research has shifted towards more sophisti-
cated fusion strategies. For instance, tensor-based methods,
such as the Tensor Fusion Network (TFN) [7] and Low-rank
Multimodal Fusion (LMF) [8], model fine-grained interac-
tions among all modal features through tensor outer products.

However, these methods often entail high computational
costs and many parameters. With the success of the Trans-
former architecture [9], attention-based models, particularly
cross-modal attention, have become mainstream. Models
like MulT (Multimodal Transformer) [10] treat inter-modal
interactions as a ‘translation’ process, guiding information
flow through paired cross-modal Transformers. These meth-
ods have made significant progress in capturing dynamic
intermodal relationships.

Despite the excellent performance achieved by existing
models, we observe a common potential limitation: most
of them directly perform complex interactions and fusion
on modality features that are not yet aligned in the seman-
tic space. Text, audio, and visual features inherently reside
in different representation spaces, with distinct statistical
distributions and semantic granularities.

Directly fusing these unaligned features is analogous to
having two people speaking different languages attempt to
communicate directly. This undoubtedly increases the learn-
ing burden of fusionmodules like Transformers andmay even
introduce noise, leading to suboptimal fusion performance.
As Hazarika et al. [11] emphasized in their work MISA,
explicitly disentangling and aligning modality features is
crucial.

A natural question is which modality pairs should be
explicitly aligned before tri-modal fusion. In this work,
we prioritize text–audio alignment for three reasons. First,
text and audio form the most direct semantic corre-
spondence in human communication spoken prosody and
acoustic patterns (e.g., pitch, energy, speaking rate) are
tightly coupled with the linguistic content that explicitly
conveys sentiment-bearing concepts. Second, aligning text–
audio is cost-effective and robust because large-scale paired
speech–transcript corpora are readily available, enabling
self-supervised contrastive learning without additional anno-
tation. Third, while audio–visual streams are temporally
synchronized, visual frames often contain substantial task-
irrelevant variability (background, head pose, illumination),
and direct semantic alignment between text and video may
suffer from a larger abstraction gap.

Therefore, we adopt a selective alignment strategy: we
establish a reliable semantic bridge between text and audio
first and then use emotionally salient audio cues to modulate
visual representations. This design reduces the burden of
downstream fusion modules and mitigates noise introduced
by heterogeneous and weakly aligned features.

Based on the above insights, this paper aims to address
the core issue of ‘alignment before fusion’ by proposing
a novel multimodal emotion recognition framework named
SADGR (Self-supervised Alignment and Dynamic Gating
for Emotion Recognition), which integrates self-supervised
alignment and cross-modal gating. The core idea of SADGR
is to pre-align modality features at different levels through
self-supervised learning before performing the final multi-
modal fusion. Specifically, we first leverage self-supervised
pre-training on large-scale multimodal data to enable indi-
vidual unimodal encoders to learn general and robust domain
knowledge. This effectively ‘calibrates’ the representational
capacities of different modalities to a similar level at a
macroscopic scale.

Finally, for the audio and visual modalities, which exhibit
strong temporal synchrony, we design an improved gated
attention mechanism. Changes in audio signals (e.g., stress,
variations in speech rate) often correspond to key moments of
emotional expression in videos (e.g., micro-expressions, spe-
cific actions). Our gating mechanism utilizes audio features
to dynamically ‘attend to’ and weight visual frame features,
achieving temporal and semantic synchronization between
the two modalities and providing supervisory signals for each
other.

Through the above multi-level alignment strategies,
SADGR ensures that the features of each modality are
sufficiently interacted and aligned both semantically and tem-
porally before entering the final fusion stage. This enables
the subsequent fusion process to be more efficient and
precise.

The main contributions of this paper are as follows:
(1) We propose a novel selective cross-modal emotion

recognition framework named SADGR, whose core
lies in a multi-level self-supervised feature alignment
strategy that effectively alleviates fusion challenges
caused by modal heterogeneity.

(2) We introduce a self-supervised text-audio co-alignment
framework. Innovatively, we incorporate an indepen-
dent pre-training phase. During this phase, we leverage
large-scale unlabeled audio-text corpora and employ
contrastive learning to bring the feature representations
of text and audio closer in semantic space. This aligns
audio and text representations prior to fusion, facilitat-
ing more effective cross-modal learning in subsequent
multimodal Transformer attention mechanisms.

(3) We propose a dynamic gated filtering method for
audio-visual features under a non-sequential network.
For the first time, audio features are utilized to guide the
soft selection and interactive control of video features,
enhancing the synchrony and semantic relevance of
audio-visual representations.

(4) We conducted extensive validation on two authoritative
benchmark datasets, CMU-MOSI and CMU-MOSEI.
Experimental results demonstrate that our method
achieves state-of-the-art performance in both emotion
classification and regression tasks.
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II. RELATED WORKS
This section will review the latest developments in mul-
timodal self-supervised learning, cross modal alignment
contrastive learning methods, and cross modal gating mech-
anisms closely related to our research and briefly explain our
research approach.

A. CROSS-MODAL SENTIMENT ANALYSIS (MSA)
Research on MSA can be broadly divided into several
stages. Early fusion methods, such as feature concatenation
(early fusion) and decision-level voting (late fusion) [6],
were widely adopted due to their simplicity. However, these
approaches exhibit limited capability in capturing complex
interactions between modalities. To overcome these limita-
tions, intermediate fusion or tensor-based fusion methods
have emerged. TFN [7] leverages the Cartesian product to
compute the outer product of tri-modal features, generating
a high-dimensional tensor to capture all intra- and inter-
modal dynamics. However, it suffers from the curse of
dimensionality [8] approximates this high-dimensional ten-
sor via low-rank decomposition, improving computational
efficiency, yet it still relies on pre-aligned data.

With the rise of the attention mechanism and the
Transformer, the field of Multimodal Sentiment Analy-
sis (MSA) has seen significant breakthroughs. Researchers
began to leverage these powerful sequence modeling tools
to capture the dynamic interactions between modalities.
A representative work in this area is MulT [10], which intro-
duced a cross-modal Transformer to model the information
flow between different modalities as a series of pairwise
‘translation’ processes, such as from audio to text. This
approach demonstrated excellent performance on unaligned
multimodal sequences.

Subsequently, a significant body of work has followed
and improved upon this line of research. For instance,
TETFN [12] posits that the text modality plays a dominant
role in sentiment analysis and proposed a text-enhanced
Transformer fusion network that integrates textual informa-
tion to guide the interactions between the audio and video
modalities.

Similarly, TCHFN [13] proposed a text-centric hierarchi-
cal fusion network for multimodal sentiment analysis, rein-
forcing the core role of the text modality through cross-modal
enhancement, contrastive learning, and knowledge distilla-
tion. However, this model still faces limitations in terms of
generalization ability in real-world, non-aligned scenarios
and model complexity. In a different approach, MISA [11]
attempts to decompose the features of each modality into two
subspaces: modality-invariant and modality-specific. It uses
multi-task learning to simultaneously model both the con-
sensus and the differences across modalities. Self-MM [14]
also employs a multi-task learning framework, learning
shared and modality-specific information through a primary
task (multimodal prediction) and several auxiliary tasks
(unimodal predictions).

However, while these Transformer-based models have
significantly advanced the performance of MSA, they pre-
dominantly treat feature extraction and fusion as two separate
steps, thereby overlooking the importance of explicit feature
alignment prior to the fusion process. Our SADGR model is
proposed precisely to fill this gap. It advocates for mapping
features from different modalities into an aligned semantic
space via a self-supervised approach before fusion, a process
designed to reduce the burden on and enhance the effective-
ness of the subsequent fusion module.

B. SELF-SUPERVISED REPRESENTATION LEARNING FOR
CROSS-MODAL ALIGNMENT
Self-supervised learning (SSL) has become a pivotal driver
in the field of deep learning, aiming to learn semantically
rich universal representations from vast amounts of unlabeled
data. This paradigm first achieved revolutionary success in
unimodal domains, with representative examples including
BERT [15] in natural language processing and SimCLR [16]
in computer vision. In recent years, this wave has success-
fully extended to multimodal research, with its core idea
being the ingenious utilization of natural correspondences
between different modalities as intrinsic supervisory signals.
For instance, the image frames, synchronized audio streams,
and corresponding subtitle text in a video clip inherently form
a strongly correlated positive sample set, providing valuable
data sources for models to learn cross-modal semantic
alignment.

Inspired by this principle, researchers have developed
diverse pre-training tasks to enhance multi-modal models.
Contrastive Learning has emerged as the mainstream and
most effective paradigm for aligning cross-modal repre-
sentations. This method operates by using a meticulously
designed objective function (like InfoNCE loss [17]) to min-
imize the distance between positive pairs (such as matched
images and text) and maximize the distance between negative
pairs (mismatched combinations) within a shared embed-
ding space [18]. The landmark work of CLIP (Contrastive
Language-Image Pre-training) [19] epitomizes this approach.
Through contrastive pre-training on a massive dataset of hun-
dreds of millions of image-text pairs, it acquired powerful
joint representations with remarkable zero-shot generaliza-
tion abilities.

Subsequently, ALIGN [20] further validated the scala-
bility of this concept on even larger, noisier datasets. This
breakthrough has spurred widespread research into various
other modal combinations. For instance, AV-HuBERT [21]
learns a joint audio-visual representation by applying masked
prediction to audio-video units, whereas UniVL [22] and
VL-BERT [23] utilize tasks like ‘masked modality modeling’
to align video with text.

In the text-audio domain, the application of contrastive
learning has also become increasingly prevalent, as seen in
works like Wav2CLIP [24] and AudioCLIP [25]. However,
their primary objective is concentrated on general-purpose
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audio tasks such as sound event classification. Within the
field of Multimodal Sentiment Analysis (MSA), although
somemodels (e.g., MISA) have incorporated ideas of similar-
ity metrics into their loss functions, few works have explicitly
designed an independent, preceding module for text-audio
contrastive alignment as we propose in our work.

Recent work has further advanced self-supervised and con-
trastive multimodal learning for affective computing. [40]
provides a comprehensive survey of self-supervised multi-
modal representation learning, highlighting the importance of
cross-modal alignment. [41] shows that contrastive learning
enables robust modality-invariant representations for mul-
timodal emotion recognition. [42] reviews recent progress
in multimodal affective computing, emphasizing alignment,
robustness, and cross-modal interaction. Our approach draws
inspiration from the well-established dual-encoder model
paradigm from the field of information retrieval [26].We con-
struct independent encoding towers for text and audio
streams, respectively. During a pre-training phase, these
towers are optimized end-to-end using a contrastive loss,
compelling their output embeddings to become semantically
aligned. This ‘align-then-fuse’ strategy stands as one of our
core innovations. It ensures that before the features are fed
into the complex attention-based fusion module, the model
has already established a robust bridge between abstract lin-
guistic concepts and their underlying acoustic patterns. This
pre-alignment significantly reduces the learning difficulty of
subsequent cross-modal interactions, thereby laying a solid
foundation for achieving more accurate and robust emotion
recognition.

C. CROSS-MODAL GATING
The concept of gating mechanism originates from recurrent
architectures such as Long Short-TermMemory (LSTM) [27]
and Gated Recurrent Units (GRU) [28]. Its core function
is to dynamically regulate the flow of information within
the network. By leveraging learned ‘gate’ signals, these
mechanisms selectively forget, retain, or update information,
thereby effectively addressing long-range dependency issues.
In recent years, this idea of ‘adaptive control’ has been suc-
cessfully extended from temporal models to a broader range
of deep learning architectures, serving as a powerful tool for
feature recalibration.

In multimodal learning, gating mechanisms offer an effi-
cient and principled means of modeling complex inter-modal
interactions. By enabling cross-modal modulation, a gat-
ing mechanism allows features from one modality to act
as control signals that dynamically regulate the informa-
tion flow of another modality. This adaptive regulation
helps suppress irrelevant or noisy signals while emphasiz-
ing modality-specific features that are most informative for
the target task. For example, in visual question answering
(VQA), semantic representations derived from textual queries
are commonly used to gate visual features, guiding the
model to attend to question-relevant regions in an image and

thereby improving reasoning accuracy and interpretability
[29], [30].

This study innovatively applies this concept by proposing
an audio-guided visual gating mechanism. Specifically, the
audio modality serves as the guiding signal to gate visual
features in the video. The technical rationale behind this
design is that prosodic features in audio signals (such as
pitch and energy envelope) exhibit high signal-to-noise ratio
and strong emotional saliency, providing a relatively unam-
biguous contextual anchor for emotional states. In contrast,
while the video modality is information-rich, it often con-
tains redundant information or noise unrelated to emotional
expression (e.g., background environment or non-emotional
variations in head pose).

The proposed audio-guided gating mechanism aims to
leverage the ‘certainty’ of audio representations to resolve
the ‘uncertainty’ in visual representations. By learning a
mapping from audio features to visual gating signals, the
model performs soft, semantically driven feature selection,
thereby purifying the visual information flow before fusion.
This ensures that the final fused feature vector exhibits
higher relevance and lower noise interference for emotion
recognition tasks.

III. METHODOLOGY
This section details the architecture and key components of
our proposed SADGR model. First, we provide a formal
definition of the problem and the overall framework of the
model. Then, we sequentially elaborate on the unimodal
feature extraction, the text-audio self-supervised alignment
module, the audio-visual synchronization alignment module,
and the final feature fusion and classification.

A. PROBLEM DEFINITION
Given a video clip containing three modalities of
information—text (T), audio (A), and video (V)—each
modality can be represented as a sequence Xm ∈ RLm×dm ,
where m ∈ T ,A,V , Lm represents the sequence length,
and dm is the feature dimensionality. Our goal is to learn a
function f (XT ,XA,Xv) → y,which maps the tri-modal input
to an emotional label y.

B. OVERALL MODEL ARCHITECTURE
The overall architecture of SADGR is illustrated in Figure 1.
The model primarily consists of three components: unimodal
feature extractors, a self-supervised text-audio co-alignment
module (STA-CA), an audio-guided visual gating refine-
ment (AG-VR), and a final feature fusion and classification
module.

During the pre-training phase, text and audio features are
fed into a contrastive learning module via projection heads to
compute the Audio-Text Contrastive Loss. In the downstream
fine-tuning stage, text and audio features are extracted using
frozen BERT and HuBERT [31], respectively. Audio and
video features are then passed into the Audio-Guided Visual
Refinement (AG-VR) module, which outputs refined video
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FIGURE 1. Overall framework of the model. The left branch processes textual sequences through
BERT to extract word-level features; the central branch takes audio waveforms as input and utilizes
HuBERT to generate frame-level features; the right branch extracts frame-level features from video
frames using a Vision Transformer(ViT) encoder.

features. The aligned text features, audio features, and refined
video features are subsequently fed into a fusion module, and
final emotion predictions are generated through a classifica-
tion head.

1) TEXT FEATURE ENCODER
For the text modality, to capture rich semantic informa-
tion, we employ a pre-trained BERT-base model to extract
deep contextual features at the word level. Given a raw text
sequence T = {w1,w2, ···,wn, we first add the special tokens
[CLS] and [SEP] at the beginning and end, respectively, and
then feed it into the BERT model. The outputs from the final
encoder layer of BERT are used as textual features Ft .

Ft = BERT (T ) ∈RLT×db (1)

where LT denotes the sequence length and db represents the
hidden dimension of the BERT model.

2) AUDIO FEATURE ENCODER
For the audio modality, we utilize the large-scale self-
supervised pre-trained model HuBERT-base (hubert-base-
librivox) to obtain frame-level acoustic representations. The
raw audio waveform Sa is input to HuBERT to extract a

sequence of frame-level features.

Ha = HuBERT(Sa) ∈ RLa×da (2)

where La is the length of the audio frame sequence, and da is
the hidden dimension of HuBERT.

To achieve temporal alignment between audio frames
and textual words, we employ the Montreal Forced Aligner
(MFA) to obtain the precise start and end timestamps for each
word wi in the audio. The frame-level features within each
word’s time segment are then aggregated using average pool-
ing, producing a single feature vector per word. This results
in a word-aligned audio feature sequence Fa ∈ RLt×da .

Fa= [AvgPool(H [tstart (wi):tend (wi)]
a )]Ni=1∈RLt×da (3)

where N is the number of words and [tstart (wi),tend (wi)]
defines the time segment for word wi.

Noted that temporal alignment between audio features and
textual words is achieved using a forced alignment tool, with
audio frame features averaged per word segment.

3) VIDEO FEATURE ENCODER
For the video modality, considering the substantial redun-
dancy among consecutive frames, we first employ a key
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I-frame extraction strategy to reduce computational cost and
focus on pivotal scene change points. Specifically, we employ
a temporal uniform sampling strategy across the entire video
sequence.

Each sampled frame vi is then processed by a Vision
Transformer (ViT) model pre-trained on ImageNet-1k [32].
We utilize the output representation corresponding to the [cls]
token from the final layer of ViT as the feature embedding for
the frame vi, denoted as f iv .
The feature representation for the entire video is formed by

aggregating the features of all Lv key frames, resulting in the
video feature sequence Fv:

Fv = [ViT (v1)[CLS],ViT (v2)[CLS], · · ·,ViT (vLv )
[CLS]]T

∈ RLv×dv (4)

where Lv is the number of sampled key frames, and dv denotes
the feature dimension of the ViT model.

FIGURE 2. Audio-text alignment module.

C. SELF-SUPERVISED TEXT-AUDIO FEATURE ALIGNMENT
The core objective of this module is to align textual
and audio representations semantically prior to multimodal
fusion. To address the inherent discrepancy between audio
and text embedding spaces, we introduce a self-supervised
pre-training stage before the downstream task. Drawing
inspiration fromCLIP and dual-tower models [26], we design
a contrastive learning-based alignment framework (as shown
in Figure 2).
Specifically, we utilize the LibriSpeech dataset [33] for

pre-training. It contains approximately 1,000 hours of paired
audio-text data, offering rich and diverse content that provides
an ideal foundation for learning generalized audio-text corre-
spondences.
The pre-training phase: two independent encoding towers

are constructed for the text and audio modalities respectively.
The output features Ft and Fa from the text encoder (BERT)
and audio encoder (HuBERT) are processed through separate

linear projection heads gt and ga, which map them into an
dshared dimensional shared embedding space. During this pre-
training stage, the parameters of the BERT and HuBERT
encoders are kept frozen, and only the projection heads gt
and ga, are updated. The resulting projected representations
are denoted as Zt and Za. The detailed process is formulated
as follows:

First, Feature Aggregation. The variable-length sequential
features are condensed into a fixed-dimensional vector via
average pooling.

F t =
1
Lt

∑Lt

i=1
Ft i (5)

Fa =
1
La

∑La

i=1
F (j)
a (6)

where Ft ∈ RLt×dt , Fa ∈ RLa×da , F t ∈ Rdt , Fa∈Rda , Lt and
La are the lengths of the text and audio feature sequences,
respectively.

The aggregated features are projected into the shared
embedding space using modality-specific linear transforma-
tions to obtain the projected representations Zt and Za.

Zt = gt (F t ) = WtF t + bt (7)

Za = ga(Fa) = WaFa + ba (8)

where W is the learnable weight (parameters).
Given a batch of N text-audio pairs (ti, ai)}Ni=1, where

(ti, ai) represents amatched positive pair. For any given text ti,
the remaining N − 1 audio samples aj}j̸=i in the batch are
treated as negative samples, and vice versa.

We introduce an Audio-Text Contrastive Loss to optimize
the two encoding towers. The loss function is computed as
follows:

Lt→a = −
1
N

∑N

i=1
log

exp
(
s
(
Zti ,Zai

)
τ

)
∑N

n=1 exp
(
s
(
Zti ,Zai

)
τ

) (9)

La→t = −
1
N

∑N

i=1
log

exp
(
s
(
Zai ,Zti

)
τ

)
∑N

n=1 exp
(
s
(
Zai ,Zti

)
τ

) (10)

where s(·) denotes the cosine similarity function and repre-
sents a learnable temperature parameter.

The final contrastive loss is given by:

Lcon =
1
2
(Lt→a + La→t ) (11)

By minimizing this loss function, the model is encouraged
to learn representations that bring semantically matched text
and audio closer together in the embedding space, while
pushing unmatched pairs apart, thereby achieving text-audio
semantic alignment. Following the approach in [34], we then
employ masked multimodal attention to fuse the textual and
audio modal features. This enables the subsequent fusion
module to more effectively perform cross-modal learning on
the already ‘semantically aligned’ features.
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Although the LibriSpeech corpus does not contain explicit
emotion annotations, this pre-training stage is not designed
to learn emotion-specific patterns. Instead, its objective is to
establish a semantic grounding bridge between textual and
acoustic representations. Speech signals inherently encode
linguistic semantics through prosodic and phonetic struc-
tures, even in emotionally neutral utterances. By aligning
text and audio at this semantic level via contrastive learning,
the model learns modality-invariant representations that asso-
ciate linguistic concepts with their corresponding acoustic
realizations.

Emotional cues, such as sarcasm, intensity, and affec-
tive polarity, are subsequently learned during downstream
fine-tuning on emotion-labeled datasets. This decoupled
design enables the model to first reduce the modality gap in a
label-agnostic manner, thereby facilitating more efficient and
stable emotion learning in the later stages.

The fine-tuning stage: After pre-training is completed,
we save and freeze the parameter weights of BERT and
HuBERT. During the fine-tuning stage, the text and audio
feature sequences first pass through a one-dimensional con-
volutional network (Conv1D) for dimension matching and
local feature integration, mapping the features to a shared
hidden dimension dmodel . Specifically, the transformation is
defined as:

Text features:

gt ∈ Rlt×dt → g′
t ∈ Rl′t×dmodel (12)

Audio features:

ga ∈ Rla×da → g′
a ∈ Rl′a×dmodel (13)

where dmodel is a pre-defined unified hidden dimension for
the model.

FIGURE 3. Structure of the gating mechanism.

D. ADAPTIVE AUDIO-VISUAL SYNCNRONIZATION
ALIGNMENT MODULE
A core innovation of our framework is the Adaptive Audio-
Visual Synchronization Alignment Module, which dynam-
ically modulates visual information flow based on the
affective salience of the accompanying audio. The underlying
hypothesis is that the audio modality often provides a more
direct and reliable cue for emotional state; thus, it should
guide the selective emphasis or suppression of visual features.
The architecture of this module shows in Figure 3. The pro-
cessing pipeline consists of four sequential stages, which we
delineate below with precise mathematical formulations.

1) VIDEO FEATURE SELF-ATTENTION ENHANCEMENT
The input to this module is a sequence of video frame
features Fv ∈ RLv×dv . To capture temporal dependencies
and contextual relationships among frames, we first apply a
self-attention mechanism. The computation is defined as a
single-headed attention for clarity and efficiency:

Q = FvWQ,WQ ∈ Rdv×dk

K = FvWK ,WK∈Rdv×dk

V = FvWV ,WV∈Rdv×dv

F̃v = softmax
(
QKT
√
dk

)
V (14)

where F̃v ∈ RLv×dv represents the contextually enriched
video feature sequence. The scale factor

√
dk stabilizes gra-

dient propagation during training.

2) GLOBAL AUDIO CONTEXT VECTOR EXTRACTION
In parallel, the audio feature sequence Fa ∈ RLa×da is pro-
cessed to obtain a global, utterance-level representation. This
is achieved through a simple yet effective average pooling
operation over the temporal dimension:

fa,global =
1
La

∑La

i=1
F (i)
a (15)

where fa,global ∈ Rda encapsulates the overall acoustic
information.

In the proposed AG-VR module, we adopt global audio
pooling to derive an utterance-level affective context rather
than applying frame-level audio gating. This design choice is
motivated by both robust and stability considerations. Frame-
level audio representations are highly sensitive to prosodic
jitter, background noise, and short-termfluctuations in speech
signals, which may introduce unstable or misleading gating
signals when directly mapped to visual features. In contrast,
global audio pooling provides a noise-robust summary that
captures the overall affective tendency of an utterance, serv-
ing as a reliable contextual anchor for visual modulation.
Empirically, we observed that frame-level audio gating led to
oscillatory gate activation and less stable convergence during
training, whereas global pooling produced smoother gating
patterns and consistently better downstream performance.
Therefore, global audio pooling enables the AG-VR module
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to achieve effective audio-guided visual refinement while
avoiding overreaction to transient acoustic variations.

3) AUDIO-GUIDED GATING VECTOR GENERATION
The global audio vector fa,global is then transformed into
a gating vector via a small, multi-layer MLP with a sig-
moid activation function. This MLP acts as a learnable,
non-linear mapping from the audio context to a feature-wise
soft-selection mask.

h = LeRU (W1fa,global + b1),W1 ∈ Rdh×da , b1 ∈ Rdh (16)

g = σ (W2h+ b2),W2 ∈ Rdv×dh , b2 ∈ Rdh (17)

The output is the gating vector g ∈ [0, 1]dv , where each
element gj signifies the ‘allowance level’ for the j − th
dimension of the video features. A value of 1 indicates full
preservation, while 0 implies complete suppression.

4) FEATURE MODULATION VIA GATING
The final step involves applying the gating vector G to
enhanced video features F̃v. This is performed using an
elementwise multiplication, where g is broadcast across the
entire temporal dimension Lv.

F ′
v = F̃v ⊙ g (18)

where F ′
v ∈ RLv×dv denotes the final, audio-modulated video

feature sequence, and ⊙ is the elementwise (Hadamard)
product.

Through this mechanism, if the audio conveys strong
emotional cues, the values of gating vector tend toward 1,
preserving the video information; conversely, if the audio
is emotionally neutral, the gating values may approach 0,
thereby suppressing the corresponding video features. This
achieves dynamic and adaptive control over the video
information flow.

E. FEATURE FUSION
After the above processing, we obtain three high-quality
modality representations: pre-aligned text features Ft ,
pre-aligned audio features Fa, and audio-refined video
features F ′

v.
To derive sentence-level representations, we apply average

pooling along the sequence dimension to Ft and Fa, as well
as to F ′

v, resulting in three feature vectors: ft , fa and fv. These
three vectors are then concatenated and passed through amul-
tilayer perceptron (MLP) fusion layer for deep integration,
yielding the final multimodal representation:

fmal = FusionMLP (concat (ft , fa, fv)) (19)

Finally, fmal is fed into the output layer for emotion prediction
or classification.

ŷ = Classifier(fmal) (20)

F. TRAINING OBJECTIVE
The total loss function of the model consists of two compo-
nents: the primary emotion classification loss Ltask and the
auxiliary text-audio contrastive loss Lcon.

Ltotal = Ltask + λLcon (21)

where λ is a hyperparameter that balances the importance
between the main task and the auxiliary alignment task.

Through this multi-task learning paradigm, the SADGR
model can simultaneously optimize both emotion recogni-
tion accuracy and cross-modal alignment during end-to-end
training.

IV. EXPERIMENTAL SETUP
We conducted experiments using two standard datasets from
the MSA field. One is the CMU-MOSI video dataset about
movie reviews. This dataset contains 2,199 video clips. Each
segment is manually annotated with emotional intensity rang-
ing from [−3, 3], indicating a transition from strong negative
emotions to strong positive emotions.

Another dataset is CMU-MOSEI. As an extended version
of CMU-MOSI, CMU-MOSEI is currently one of the largest
MSA datasets, containing 22,856 annotated video clips from
YouTube. Its emotional labels are also within the range of
[−3, 3], and it also provides labels for six basic emotions such
as happiness, sadness, and anger.

The statistical information of the two datasets is shown
in Table 1. We followed the official dataset division, which
includes training set, validation set, and testing set.

TABLE 1. Statistics of the datasets.

A. BASELINE
We compared SADGR with the following representative
baseline models:

1) EARLY/MID-FUSION MODELS
• TFN [6]: Utilizes tensor outer products to fuse multi-

modal features.
• LMF [7]: Employs low-rank tensor factorization to

enhance the efficiency of TFN.

2) MODEL BASED ON RNN/ATTENTION
• MFN [34]: Utilizes LSTM, delta memory attention

mechanisms, and multi-view gated memory networks to
model cross-modal and temporal dynamics.

• RAVEN [35]: Employs a channel wise multimodal
attention transformation (MCAT) architecture to dynam-
ically perceive weight allocation and task-oriented
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TABLE 2. Performance comparison results on the CMU-MOSI datasets.

feature reconstruction, enhancing the effectiveness of
multimodal fusion.

3) TRANSFORMER-BASED MODELS
• MulT [10]: This paper employs cross-modal Transform-

ers to align and fuse unaligned modal sequences.
• ICCN [30]: Utilizes Deep Canonical Correlation

Analysis (DCCA) to learn inter-modal correlations.
• TETFN [12]: A Transformer-based fusion network

emphasizing text-dominated interaction.
• TCHFN [13]: Proposes a Text-Centric Hierarchical

Fusion Network (TCHFN) for multimodal sentiment
analysis, explicitly treating the text modality as the core
and dominant element in multimodal fusion.

• TMBL [37]: This paper proposes a Transformer-based
multimodal binding learning model. It enhances the per-
formance ofmultimodal sentiment analysis by designing
bimodal and trimodal binding mechanisms and intro-
ducing fine-grained convolutional modules to improve
feature interaction.

4) DYNAMIC GATING-BASED WEIGHTING STRATEGY
• MAG-Bert [38]: A gating-based neural network compo-

nent that is inserted before each layer (or specific layers)
of BERT.

5) DISENTANGLED/MULTI-TASK LEARNING-BASED MODELS
• MISA [11]: Decomposes features into modality-shared

and modality-specific subspaces.

• Self-MM [14]: Preserves both modal consistency and
specificity through multi-task learning.

For all baseline models, we utilize their publicly released
code and optimal parameter configurations to the greatest
extent possible to ensure a fair comparison.

B. EXPERIMENTAL DETAILS AND METRICS
In terms of implementation details, our model was devel-
oped using the PyTorch framework and trained on NVIDIA
A100 GPUs. Pre-trained models for BERT, HuBERT, and
ViT were sourced from Hugging Face. STA-CA was
pre-trained on the LibriSpeech corpus for 5 epochs.

For downstream task fine-tuning, the learning rate was set
to 1e-5, the AdamW optimizer was adopted, and the batch
size was configured as 32. The balancing coefficient λ for the
contrastive loss was determined through a grid search over
{0.1, 0.3, 0.5}. All reported results represent the average of
5 independent runs with different random seeds.

To comprehensively evaluate model performance, we con-
ducted both regression and classification tasks. For the regres-
sion task, we adopted Mean Absolute Error (MAE, lower
values indicate better performance) and Pearson Correlation
Coefficient (Corr, higher values indicate better performance).

For the classification task, we employed Binary Accuracy
(Acc-2) and F1-score. Following standard practices, both
metrics were calculated in two distinct ways: negative/non-
negative (including zero) and negative/positive (excluding
zero).
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TABLE 3. Performance comparison results on the CMU-MOSEI datasets.

Although SADGR introduces an additional self-supervised
alignment stage, this component is executed entirely offline
and therefore does not affect inference-time efficiency.
During test-time deployment, SADGR does not perform
any contrastive learning or cross-modal matching operations.
Instead, inference consists of unimodal feature extraction
followed by lightweight operations, including global pool-
ing, element-wise gating, and shallow MLP-based fusion.
Compared to Transformer-heavy fusion architectures that
repeatedly apply multi-head cross-attention across modali-
ties, the proposed AG-VR module avoids quadratic com-
plexity with respect to sequence length and does not require
frame-wise cross-modal attention. As a result, the inference
complexity of SADGR scales linearlywith the input sequence
length and remains comparable to conventional multimodal
fusion models. This design effectively shifts computational
burden from the inference stage to an offline pre-training
phase, making SADGR well suited for real-time or resource-
constrained multimodal emotion recognition scenarios.

V. RESULTS AND ANALYSIS
In this section, we present and analyze the experimental
results of the SADGR model, including quantitative com-
parisons with baseline models, ablation studies, and some
qualitative analyses.

A. QUANTITATIVE COMPARISONS
Table 2 and table3 present the performance comparison
between SADGR and various baseline models on the
CMU-MOSI and CMU-MOSEI datasets.

As shown in Tables 2 and 3, our proposed SADGR model
achieves highly competitive overall performance on both
benchmarks, attaining state-of-the-art or runner-up results
across several key metrics.

In terms of classification accuracy, SADGR performs
exceptionally well. For 7-class accuracy (ACC-7), which
measures fine-grained sentiment recognition, our model
achieves 53.58%, surpassing all listed baseline models,
including the best-performing TCHFN (53.19%). This
demonstrates SADGR’s significant advantage in capturing
com-plex and subtle changes in sentiment intensity.

In terms of classification accuracy, SADGR performs
exceptionally well. For the 7-class accuracy (ACC-7),
which measures fine-grained sentiment recognition, our
model achieves 53.58%, surpassing all listed baseline mod-
els, including the best-performing TCHFN (53.19%). This
demonstrates the significant advantage of the SADGRmodel
in capturing complex and subtle changes in sentiment
intensity.

Regarding the regression task of sentiment intensity
prediction, SADGR also demonstrates first-class and robust
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performance. On both datasets, SADGR’s Mean Absolute
Error (MAE) reaches or ties for the optimal level (0.530 and
0.698, respectively), indicating minimal absolute error
between its predicted values and the true sentiment intensity,
and thus highly reliable predictions.

In terms of correlation performance, the Pearson Corre-
lation Coefficient (Corr) is only slightly lower than the top
baseline TETFN on the CMU-MOSI dataset, but it remains
significantly superior to other baselines. This shows that the
model’s predictive trend is highly consistent with the actual
sentiment changes.

In conclusion, compared to the current best-performing
models, SADGR achieves more competitive overall results.
It surpasses them in ACC-7 and all binary classification met-
rics. Although the Corr is slightly lower than TETFN’s, the
significant improvement on key classification metrics fully
validates the effectiveness of the SADGR model.

B. ABLATION STUDIES
To validate the necessity of each key component in the
SADGRmodel, we designed a series of ablation experiments
on the CMU-MOSI dataset. We progressively removed or
replaced critical modules in the full SADGR model and
observed the corresponding performance changes.

• w/o Pre-train: The text-audio co-alignment pre-training
stage was removed. BERT and HuBERTwere initialized
with their original, non-aligned pre-trained weights.

• w/o T-A Contrastive: The text audio contrastive align-
ment module was removed, meaning the corresponding
Lcon term in the loss function was eliminated (i.e., set
to 0).

• w/oA-VGated: The audio-video synchronization align-
ment module was removed. Video features were directly
fused with features from other modalities without being
gated and guided by the audio stream.

• w/o Gate (use Attention): The gating mechanism
within the audio-video alignment module was replaced
with a standard multi-head cross-attention mechanism.

TABLE 4. Performance comparison results on the CMU-MOSEI datasets.

The results of the ablation studies (as shown in Table 4)
clearly demonstrate the contribution of each component:

1) NECESSITY OF PRE-TRAINING
When self-supervised pre-training is removed (w/o Pre-
train), the model exhibits a significant performance drop.
This indicates that the general representations learned from
large-scale unlabeled data provide better initialization, sub-
stantially enhancing the model’s representational capacity
and generalization ability.

2) EFFECTIVENESS OF TEXT-AUDIO CONTRASTIVE
ALIGNMENT
The removal of the contrastive loss (w/o T-A Contrastive)
leads to a noticeable performance decline, particularly in the
correlation (Corr) metric. This confirms our hypothesis that
aligning the semantic representations of text and audio prior
to fusion effectively reduces the modality gap and promotes
more efficient cross-modal interaction. To further understand
how STA-CA facilitates cross-modal alignment, we visualize
the feature distributions using t-SNE in the next section.

3) EFFECTIVENESS OF AUDIO-VISUAL GATED ALIGNMENT
The removal of the audio-visual gating module (w/o A-V
Gated) similarly led to performance degradation, indicating
that the mechanism utilizing audio signals to guide visual
attention is effective. When replaced with standard cross-
attention (w/o Gate (use Attention)), performance improved
but still fell short of the complete gating mechanism. This
demonstrates that our designed gating mechanism, as a ‘‘soft
feature selection’’ method, more effectively filters noise and
captures synchronized audio-visual emotional cues compared
to standard attention mechanisms.

TABLE 5. Cross-modal alignment efficiency.

As demonstrated in Table 5, STA-CA achieves align-
ment three times faster than TCHFN during the pre-training
phase through contrastive learning, while improving parame-
ter efficiency by 38%. These experimental results validate the
superiority of the proposed decoupled architecture of ‘align
first, fuse later’.

C. CROSS-MODAL FEATURE ALIGNMENT ANALYSIS
To validate the exceptional effectiveness of the STA-CAmod-
ule in bridging the modality gap, we provide visual evidence
demonstrating that after STA-CA processing, originally sep-
arated text and audio features achieve distribution alignment
in the embedding space. As shown in Figure 4.
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FIGURE 4. Tt-SNE visualization of feature space alignment.

Figure 4 consists of two subplots, both utilizing
t-SNE dimensionality reduction technology to map high-
dimensional text and audio features onto a two-dimensional
plane. Blue dots represent text features, while orange trian-
gles represent audio features. Subplot (a) - Before Alignment
(w/o STA-CA) displays the distribution of original text and
audio features without STA-CA module processing. Sub-
plot (b)-After Alignment (SADGR) shows the distribution
of text and audio features after processing by our STA-CA
module.

In subplot Figure (a), a clear separation between the two
modal features can be observed. The blue (text) and orange
(audio) points form distinct, nearly non-overlapping clus-
ters. This visually reveals the so-called ‘modal semantic
gap’ – in the original feature space, the representations of
the two modalities are heterogeneous, their ‘languages’ are
in-compatible, and direct fusion struggles to capture their
intrinsic relationships. In sub-plot Figure (b), the situation
changes fundamentally. The blue and orange points are highly
mixed and interwoven, forming a unified and tightly clustered
distribution. It is no longer possible to easily distinguish
whether a point originates from text or audio based solely on
its spatial position.

The t-SNE visualization results provide strong visual evi-
dence for the effectiveness of our STA-CA module. They
demonstrate that through contrastive learning, the STA-CA
module successfully projects text and audio features into
a shared, modality-invariant semantic space. This not only
theoretically supports our innovation but also vividly explains
why the removal of STA-CA led to significant performance
degradation in the ablation studies.

D. ANALYSIS ON GATING MECHANISM ACTIVATION
PATTERNS
To visually demonstrate the effectiveness of AG-VR gating
in filtering modal redundancy and focusing on key emotional

cues, we conducted a visual analysis of a typical conflicting
sample (text: ‘‘This is really great’’) (Figure 5). The true
sentiment of this sample is negative (sarcastic), with emo-
tional cues dominated by different modalities at different
time points. Figure 5 consists of two parts, sharing a unified
timeline. The upper section (Input Modality Signals) displays
the audio waveform of the sample, with two emotionally
salient events annotated at specific time points.

Event 1 is a sharp sarcastic tone (Vocal Sarcasm) occurring
at 2.5 seconds, while Event 2 is an exaggerated, silent smile
(Exaggerated Smile) appearing at 7.0 seconds. The lower
section (AG-VR Gate Activation Values) synchronously
shows the activation value curves of the audio gate (α_a) and
visual gate (α_v) in our model over time. From Figure 5,
the modulation process of the AG-VR gating mechanism
can be clearly observed. In audio-Dominant Phase (approx.
2s-4s). When a strong emotional cue (sarcastic tone) emerges
in the audio signal, the model responds rapidly. The audio
gate value (α_a) surges to a peak of 0.92, allowingmore audio
features to flow into subsequent fusion layers. Meanwhile,
as facial expressions may be relatively neutral or misleading
at this moment, the model suppresses the visual gate value
(α_v) below 0.15, actively filtering out potential noise or
redundant information from the visual modality.

In visual-Dominant Phase (approx. 6s-9s). As the speech
ends, the focus of emotional expression shifts to non-verbal
cues. When the exaggerated sarcastic smile appears, the
AG-VR gating mechanism correspondingly shifts its empha-
sis. The visual gate value (α_v) quickly rises to a high level of
0.95, while the audio gate value (α_a) returns to the baseline.
This indicates the model’s capability to detect real-time shifts
in emotional cues and dynamically adjust the weights of
different modalities.

Compared to state-of-the-art methods [12], [13] that rely
on static concatenation or simple attention mechanisms, the
advantage of AG-VR lies in its dynamic temporal dependency
modeling and inter-modal competitiveness. Rather than
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FIGURE 5. AG-VR gating modulation process.

FIGURE 6. Hyperparameter sensitivity analysis.

evaluating each timestep in isolation, it adaptively assesses
the importance of each modality within context.

This demonstrates the ability of the SADGR model to
dynamically adjust the contribution weights of different
modalities, enabling efficient complementary integration of
cross-modal information. It effectively mitigates multimodal
redundancy or conflict, thereby improving the accuracy and
robustness of emotion recognition.

E. HYPERPARAMETER SENSITIVITY
Beyond architectural design, we validate the model’s stability
to hyperparameter choices, a critical factor for real-world
deployment.

This experiment aims to evaluate the sensitivity and robust-
ness of our model to two key hyperparameters. The first is the
weight of the contrastive loss in the STA-CAmodule, and the
second is the number of MLP layers in the AG-VR module.
This analysis helps demonstrate the rationality of the selected
parameter values and confirms that the model operates stably
within a certain parameter range.

Figure 6 consists of two line charts. Subplot (a) displays the
curve of F1-Score as a function of the β value (ranging from
0.01 to 1.0). Subplot (b) shows the F1-Score curve relative
to the number of MLP layers (from 1 to 4) in the AG-VR
module. The optimal parameter values are indicated by red
dashed lines.
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Both curves exhibit a typical inverted U-shape. When
β is too small (e.g., 0.01), the constraint of cross-modal
alignment is insufficient to effectively bridge the modality
gap, resulting in lower performance. As it increases, perfor-
mance improves steadily and peaks at 0.1. This suggests an
optimal balance between the main task of emotion classifica-
tion and the auxiliary task of cross-modal alignment at this
point.

When β exceeds 0.1, performance begins to decline. This
may be due to excessive emphasis on the alignment task,
causing the model to ‘‘over-focus’’ on inter-modal matching
while overlooking more nuanced emotional discriminative
cues, thereby interfering with the learning of the main
task.

The MLP in the AG-VR module (Subplot b) learns to
generate audio-guided gating signals for visual features. Its
depth determines modeling capacity. Subplot (b) in Figure 6
shows that even a 1-layer MLP achieves solid performance,
proving the baseline effectiveness of the gating mechanism.
Performance peaks at 2 layers, where increased nonlinearity
captures complex audio-visual dependencies for finer noise
filtering. Beyond 2 layers, performance declines, likely due
to overfitting on limited data, reducing generalization.

Hyperparameter sensitivity analysis confirms the model’s
robustness across reasonable parameter ranges.

VI. CONCLUSION
This paper proposes an innovative SADGR model to address
two core challenges inmultimodal sentiment analysis: modal-
ity misalignment and information redundancy.

Firstly, to tackle the semantic gap between modalities,
particularly between text and audio, which often hin-
ders effective information fusion, the model introduces a
self-supervised text-audio cross-alignment (STA-CA) pre-
training phase. This phase leverages self-supervised learning
to capture latent emotional correlations between textual
and acoustic representations, thereby mitigating inter-modal
heterogeneity and improving multimodal fusion accuracy.

Secondly, to resolve the issue of emotional recognition
noise caused by redundant video information, SADGR
designs an audio-guided video gated refinement (AG-VR)
mechanism. Specifically, the model uses emotionally salient
audio signals as guidance to dynamically adjust the weights
of video frames, adaptively filtering out key emotional
frames via a gating mechanism while suppressing irrelevant
or interfering information, thereby enhancing the precision
and robustness of sentiment recognition. Systematic exper-
iments on mainstream benchmark datasets for multi-modal
sentiment analysis demonstrate that SADGR outperforms
existing methods in key metrics such as recognition accuracy,
highlighting its advanced capabilities and practical value in
complex multimodal tasks.

From a system perspective, SADGR demonstrates that
explicitly decoupling cross-modal alignment from down-
stream fusion enables a more efficient and scalable mul-
timodal learning pipeline. By shifting the computational

burden of alignment to an offline self-supervised stage
and relying on lightweight gating and pooling opera-
tions at inference time, the proposed framework achieves
a favorable balance between representation quality and
deployment efficiency. This design paradigm provides a
practical blueprint for building robust multimodal systems
that can be readily adapted to real-world, latency-sensitive
applications.

While the results presented in this paper are encourag-
ing, the study has certain limitations. Although SADGR
avoids heavy cross-modal attention during inference, the
use of attention mechanisms in upstream feature extractors
may still introduce non-negligible computational overhead
in large-scale or highly resource-constrained environments.
Therefore, further optimization is required to fully realize
real-time deployment under strict latency constraints.

Furthermore, like many existing models, its performance
may be sensitive to the quality and nature of the dataset, and
its generalization ability in real-world scenarios with greater
noise and variability requires further investigation.

For future work, we have identified several promising
directions. First, we will explore model compression tech-
niques to develop a more lightweight version of SADGR.
Second, we plan to extend our framework to incorporate other
modalities, such as physiological signals (e.g., EEG, ECG),
to build a more comprehensive emotion recognition system.
In conclusion, the principles of dynamic gating and explicit
feature alignment proposed in this paper provide a solid and
extensible foundation for future research and system design
in multimodal machine learning.
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