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Abstract. Multimodal sentiment analysis aims to extract and inte-
grate meaningful information from diverse modalities to infer a speaker’s 
emotional state. Due to the inherent heterogeneity among modalities, 
most existing approaches decouple modalities into specific and invariant 
features, which partially capture cross-modal representations. However, 
in multimodal tasks, certain modalities often dominate the optimiza-
tion process, leading to the under-optimization of weaker modalities. 
To address this imbalance, we propose the Modal Modulation Adaptive 
Fusion Network (MMAFNet), which enhances the learning of valuable 
information from each modality. Specifically, for modality-specific fea-
tures, we introduce a gradient modulation strategy that dynamically 
adjusts learning rates to prioritize weaker modalities. For modality-
invariant features, we employ a parameter reset strategy based on inter-
modal distances to mitigate overfitting and strengthen feature extraction
in underperforming modalities. Additionally, an adaptive fusion mod-
ule combines modality-specific and invariant features according to their
learned weights. Our comprehensive analysis of feature characteristics
and tailored modulation strategies effectively alleviates modality imbal-
ance. Extensive experiments on two benchmark datasets demonstrate
the superiority of our approach.

Keywords: Multimodal sentiment analysis · modality modulation · 
mo dality imbalance

1 Introduction 

In recent years, with the rapid development of social networks, people tend to 
share their personal opinions and feelings online. This content exists i n vari-
ous forms, such as text, audio, and visual, which together reflect the various
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sentiment states of users [4]. As an individual’s psychological response to a 
specific situation, sentiment analysis is essential for facilitating effective com-
munication and supporting decision-making processes. For instance, companies 
can adjust their product strategies by capturing consumers’ emotional feedback 
on new products. Meanwhile, researchers are working to equip machines with the 
ability to analyze hu man emotions, making related applications more human-
centric and enhancing the human-computer interaction experience. Therefore,
sentiment analysis plays a vital role in driving progress in the field of artificial
intelligence [19]. 

Multimodal sentiment analysis combines text, audio, and visual information 
to recognize sentiment, which provides richer data sources compared to tra-
ditional single modality analysis, thus improving recognition accuracy [13,16]. 
Although the different data forms and information transfer ways of text, audio, 
and visual modalities lead to heterogeneity among modalities, they can all 
express the same emotional tendency from different perspectives. The hetero-
geneity between modalities can b e mitigated by learning modality-specific and
invariant features to facilitate more effective joint representation learning [5]. 
The core of multimodal sentiment analysis is the fusion of cross-modal infor-
mation, which can be roughly categorized into three types based on t he timing
of fusion, early fusion, middle fusion, and late fusion. For instance, Wang et
al. [18] propose a Recurring Attended Variation Encoding Network that utilizes 
local fusion modules to learn the nature of nonverbal dynamics. Shamane et
al. [11] design a fusion method based on Transformer to achieve text and image 
alignment, and the overall model is self-supervised. And Xu et al. [21]  propose  
a framework for a mixed-modal knowledge expert with two-stage training to 
dynamically fuse three unimodal information to obtain a joint representation.

However, according to recent research [10], in multimodal tasks, due to the 
existence of a uniform learning objective, the strong modality tends to domi-
nate the optimization process, leading to under-optimization of the weak modal-
ity, which in turn generates the modalit y imbalance problem. At the same time,
previous studies have confirmed that the learning rate of different modalities
varies [17], and a unified optimization objective may lead to inconsistent con-
ve rgence speeds of each modality.

To address the aforementioned issues, we propose a Modality Modula-
tion Adaptive Fusion Network (MMAFNet), which modulates modality-specific 
and modality-invariant features separately, considering modality heterogene-
ity, to fully extract the relevant information from each modality. First, for 
each modality-specific feature, we introduce a Specific-feature Gradient Mod-
ulation (SGM) strategy. Since stronger modalities dominate the overall opti-
mization direction, this method adaptively adjusts the encoder gradient based 
on the classifier results from each modality, slowing the learning speed of stronger 
modalities to promote the optimization of weaker modalities. Second, we pro-
pose an Invariant-feature Parameter Reset (IPR) strategy for the invariant fea-
tures shared by all three modalities. This method directly focuses on the repre-
sentation space of the modalities and evaluates its learning ability based on the
distance between the modalities. The closer the distance between the modalities,
the better the learning, and the weighting parameters are calculated accordingly.
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These weight parameters are then used to reinitialize the learning process for 
each modality, enabling more effective extraction of invariant features and reduc-
ing the impact of noise. Finally, we design an Adaptive Fusion Module (AFM) for 
weighted f usion to learn invariant and specific features more effectively. The main
contributions of this paper are as follows:

– We propose a multimodal sentiment analysis framework to address the prob-
lem of modal imbalance. This framework accelerates the learning of strong 
modalities by refining modality-specific features while enhancing weak modal-
ities through gradient modulation.

– For modality-invariant features, we optimize the representation space by 
resetting parameters according to inter-modal distances, thereby improving
feature extraction across all three modalities.

– We design an adaptive fusion module that dynamically combines modality-
specific and invariant features based on learned weights, ensuring optimal
integration of each modality’s informative components.

Extensive experiments on the multimodal sentiment analysis datasets CMU-
MOSI [25] and CMU-MOSEI [26] validate the effectiveness of our proposed
method.

2 Methodology 

This paper introduces a framework termed the Modality Modulation Adaptive 
Fusion Network (MMAFNet), designed to address the imbalance problem i n
multimodal sentiment analysis, as shown in Fig. 1. The framework decouples 
information from text, audio, and visual modalities into modality-specific fea-
tures and modality-invariant features, which are then modulated and fused sys-
tematically. The process involves three core steps: (1) For modality-specific fea-
tures, a Specific-feature Gradient Modulation (SGM) approach is employed to 
adjust the gradient of each modality based on its contribution, thereby miti-
gating the network’s bias toward strong modalities. (2) For modality-invariant 
features, an Invariant-feature Parameter Reset (IPR) strategy is implemented, 
whic h utilizes a distance function to measure inter-modality distances and reini-
tialize parameters for effective relearning. (3) Finally, an Adaptive Fusion Mod-
ule (AFM) is applied to weight the fusion according to feature importance, gen-
erating the final sentiment prediction results.

2.1 Multimodal Decoupling 

The multimodal sentiment analysis task aims to predict the sentiment informa-
tion conveyed by input multimodal data, including text (t), audio (a), and visual 
(v) modalities. A video sequence is defined as S = {(Xi,  Yi)}N 

i=1, where Y repre-
sents the label, N denotes the number of samples, and X = {Xm|m ∈ (t, a, v)}
represents the input multimodal data. Additionally, the input data dimension is
defined as Xm ∈ R

Tm×dm , where Tm denotes the sequence length, and dm is the
feature dimension.
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Fig. 1. The overall framework o f MMAFNet.

Due to the heterogeneity of multimodal data, directly fusing information 
from different modalities is suboptimal. Decoupling multimodal information 
into modality-specific and modality-invariant features is an effective strategy to 
address this issue. Modality-specific features capture information unique to each 
modality, while modality-invariant features extract commonalities among modal-
ities, reducing mutual interference. To achieve multimodal feature decoupling, 
three independent 1D convolutional layers are used to align the dimensions of 
the three modalities and extract low-dimensional features. For the specific fea-
ture branch, an encoder Em,  m  ∈  {t, a, v} is defined for each m odality. The input
data is passed through the encoder to obtain the specific features Xs

t ,Xs
a,Xs

v ,
and the invariant features Xc

t ,Xc
a,Xc

v are derived using a shared encoder Ec.
The process is described as:

Xs
m = Em(Xm),Xc

m = Ec(Xm). (1) 

To better distinguish between invariant and specific features, a correspond-
ing loss function is introduced. Learning invariant features aims to extract com-
monalities among different modalities. Center Moment Discrepancy (CMD) [27] 
introduces a distance constraint to minimize the discrepancy between different 
modalities. By matching the order-wise moment differences of feature distribu-
tions, CMD ensures the effective learning of modality-invariant features. This is 
computed as: 

Lsim = 1 
3 

(m1,m2)

CMD(Xm1 ,Xm2),

(m1,m2) ∈ {(a, v), (a, t), (v, t)}.

(2) 

On the other hand, specific features are unique to each modality, and fea-
tures from different modalities may contain redundant information or inter-
fere with one another. To address this, orthogonality constraints are applied
to reduce mutual interference. Both inter-modal and intra-modal orthogonality
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are enforced, ensuring that invariant and specific features learn different aspects 
of the data. This is formulated as: 

Ldif f = 
m∈{t,a,v} 

Xc 
m,  Xs 

m + 
(m1,m2)∈

{(a,v),(a,t),
(v,t)}

Xs
m1

,Xs
m2

,

(3) 

where denotes the orthogonal operation implemented using dot product. 
These loss constraints enable the network to decouple multimodal features better
and mitigate modality heterogeneity.

2.2 Specific-Feature Gradient Modulation 

According to previous research [10], low-confidence modalities tend to receive 
limited optimization during backpropagation, while better-performing modali-
ties dominate the optimization process. This imbalance results in the under-
optimization of weaker modalities when the model converges. Modality-specific 
features aim to learn information unique to each modality i ndividually, and to
prevent the model from over-preferring strong modalities, we propose a modu-
lation strategy SGM for specific features, as illustrated in Fig. 1. 

We define three modality-specific encoders Em(σm,  Xm), where m ∈  {t, a, v}, 
used to extract features for each modality, with σm denoting the encoder param-
eters. Therefore, the gradien t update for the encoders can be expressed as:

σk+1
m = σk

m − η∇σk
m

L, (4) 

where η represents the learning rate, and ∇σk 
m

L is the gradient of the loss func-
tion for the encoder at the kth iteration. To balance multimodal learning, we per-
form adaptive gradient adjustment for specific feature encoders. The accuracy 
ρm for each modalit y is measured by introducing an independent classification
layer, defined as:

f(Xm) = Wm · Em(σm,Xm) + b, (5) 
where f(Xm) represents the prediction output for modality m, Wm and b are 
the parameters of the classification layer. The accuracy ρm is computed as:

ρm =
1
N

N

j=1

I(f(Xj
m) = Y j), (6) 

where I is an indicator function: 

I(condition) = 
1, if condition is true,
0, otherwise.

(7) 

After obtaining the accuracy ρm for all modalities, the modulation weights 
ωk 

m are calculated to reflect the contribution of each modality: 

ωk 
m =

j∈Bk
ρm

j∈Bk
(ρt + ρa + ρv)

, (8)
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where Bk denotes the randomly sampled min-batch at the kth iteration. Higher 
accuracies indicate stronger modalities, resulting in higher modulation weights. 
The modulation function for the weight ϕk 

m is defined as: 

ϕk 
m =

1 − tanh(α · ωk
m), if ωk

m = max(ωk
t , ωk

a , ωk
v ),

1, otherwise,
(9) 

where α is a hyperparameter.
This modulation reduces the gradient updates for the dominant modality, 

thereby slowing its optimization rate. Throughout the training process, the con-
tributions of the three modalities are dynamically monitored, and the weights 
are adaptively adjusted. The u pdated gradient for the encoder is then computed
as:

σk+1
m = σk

m − η · ϕk
m∇σk

m
L. (10) 

By applying ϕk 
m only to the dominant modality, weaker modalities are unaf-

fected, achieving a balanced multimodal learning state.

2.3 Invariant-Feature Parameter Reset 

In contrast to modality-specific features, invariant features focus on eliminating 
modality differences by mapping all modalities to the common feature space 
and capturing their shared characteristics. Since all modalities share the same 
encoder for feature extraction and fusion during prediction, the specific feature 
modulation strategy is not applicable. When learning invariant features, it is 
crucial to consider the magnitude of information contributed by each modality.
Over-suppressing strong modalities can lead the model to focus excessively on
weaker modalities, thereby learning excessive noise [20]. To address this issue, we 
propose a modulation strategy IPR for in variant feature learning, as illustrated
in Fig. 1. This strategy determines modulation weights by evaluating the dis-
tances between different modalities and resets parameters during invariant fea-
ture extraction to av oid overfitting strong modalities and minimize noise in weak
modalities.

To implement this strategy, we utilize a self-attention mechanism to extract 
high-dimensional invariant features Zc 

m from the low-dimensional features pro-
duced by the shared invariant feature encoder Ec. The computation is as follows:

Zc
m = Self -Attentionm(θm, Ec(Xm)), (11) 

where θm denotes the parameters of the self-attention module. Based on the 
properties of invariant features, we propose a new modality contribution mea-
sure. We determine the distance Dc 

m between different modality invariant fea-
tures Zc 

m to calculate the corresponding weights. We use the cosine distance
Dcos to compute this, as follows:

Dc
t =

(Dcos(Zc
t , Zc

a) + Dcos(Zc
t , Zc

v))
2

, (12)
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Dcos(Z1,  Z2)  =  1  − Z1 · Z2 

Z2 
1 · Z2

2

, (13) 

where Z1 and Z2 denote the invariant features of different modalities. Similarly, 
we can also get the distance Dc 

a for audio and Dc 
v for visual based on the calcu-

lation of text modality. The objective of invariant feature learning is to reduce 
the distance between modalities, where a smaller distance indicates better learn-
ing outcomes. In this way, the contribution of the invariant features of different 
modalities to the model can be b etter evaluated without requiring an additional
classification layer. Using the computed distances Dc

m, we calculate the weights
φc

m for each modality as follows:

φc
m = max(tanh(Dc

m), δ),m ∈ {t, a, v}, (14) 

where the tanh function ensures that the weights range between 0 and 1, and δ 
is a hyperparameter t o prevent the weights from becoming too small.

Next, we reset and relearn the parameters θm for every modality at each 
epoch based on the computed weights φc 

m. At the beginning of model training, 
we save the corresponding initialization parameter θinit 

m , which is later used for
resetting. The reset process is defined as:

θnew
m = φc

mθinit
m + (1 − φc

m)θcur
m , (15) 

where θcur 
m denotes the current parameters and θnew 

m is the updated parameter.
This approach resets the parameters of stronger modalities to a greater 

extent, reducing the model’s reliance on them and improving the learning of 
weaker modalities. Additionally, parameter resetting helps mitigate overfitting 
in stronger modalities and prevents excessive noise from weaker ones. By con-
sidering the properties of invariant features, the approac h alleviates modality
imbalance and enhances the model’s ability to capture commonalities across
modalities, which supports subsequent predictions and improves overall perfor-
mance.

2.4 Adaptive Fusion Module 

By employing the proposed modality modulation strategies, the model is able to 
sufficiently learn the information from each modality while effectively addressing 
the issue of inter-modality heterogeneity. To further enhance the integration of 
modulated specific features (Zs 

m) and invariant features (Zc), we introduce an 
adaptive fusion module. This module dynamically adjusts the weights of each 
feature using an attention mec hanism, thereby improving the model’s robust-
ness and avoiding data redundancy or loss caused by fixed weights. The specific
calculation is as follows:

g = Attention([Zs
t ;Zs

a;Zs
v ;Zc]), (16) 

Z =  [gt · Zs 
t ; ga · Zs 

a; gv · Zs
v ; gc · Zc], (17)
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where g represents the weights obtained through the attention mechanism, [; ] 
denotes the concatenation operation, and Z is the resulting weighted fused fea-
ture. These weighted fused features are then used for prediction, significantly
improving the accuracy of sentiment analysis.

Therefore, we integrate all the losses mentioned above to define the overall 
optimization objective: 

Ltotal = Ltask + λ1Lsim + λ2Ldiff , (18) 

where Ltask denotes the loss of the multimodal sentiment analysis task, and λ1

and λ2 denote the hyperparameters.

3 Experiments 

3.1 Experimental Details 

We extract original features from both datasets following t he method described
in [7]. For text features, we utilize the pre-trained BERT-base-uncased [6] model to 
obtain 768-dimensional word vectors. For audio data, 74-dimensional features are 
extracted by the audio analysis framework COVAREP [3]. For visual features, we 
focus on faces using the Facet [1] tool to extract 35-dimensional facial features. 
The network is trained for 50 epochs using the SGD optimizer and modality mod-
ulation is performed in the previous 25 epochs. During training, the optimal val-
ues of hyperparameters are set as follows: λ1 =  0.1, λ2 =  0.01, α =  0.3, δ =  0.1, 
and the learning rate η =  0.0001. We measure the performance of multimodal sen-
timent analysis based on the following metrics: binary accuracy (Acc2), F1-Score
(F1), 7-class accuracy (Acc7), and mean absolute error (MAE). All experiments
are implemented using the PyTorch framework and performed on a workstation
equipped with an NVIDIA GeForce RTX 3090 GPU.

3.2 Comparison with State-of-the-Art Methods 

We compare MMAFNet with current multimodal sentiment analysis state-of-
the-art methods. These methods include pure learning-based models such as
TFN [24], LMF [9], and multimodal fusion-based models MFM [15], ICCN [12], 
MulT [14], MISA [5], Self-MM [23], FDMER [22], and some recent competitive 
models PS-Mixer [8], MInD [2], DCD [7]. All methods are compared under the
word-aligned setting.
Results on CMU-MOSI [ 25]: As shown in Table 1, our proposed model 
MMAFNet outperforms the compared methods across all evaluation metrics. 
On the MOSI dataset, MMAFNet shows consistent improvements over the state-
of-the-art methods in all four multimodal sentiment analysis metrics. Notably, 
MMAFNet achieves a 1.3% improvement in the Acc7 metric compared to the 
sub-optimal results, highlighting the effectiveness of our modality modulation 
strategy. This improvement indicates that the proposed approach facilitates bet-
ter learning of each modality’s information, particularly for fine-grained senti-
ment analysis. These results confirm the effectiveness of our method.
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Table 1. Experimental results on two datasets, where * indicates the results repro-
duced.

Methods CMU-MOSI [25] CMU-MOSEI [26] 
Acc2 ↑F 1 ↑Acc7 ↑M AE ↓Acc2 ↑ F 1 ↑Acc7 ↑M AE  ↓

TFN [24] 80.8 80.7 34.9 0.901 82.5 82.1 50.2 0.593 
LMF [ 9] 82.5 82.4 33.2 0.917 82.0 82.1 48.0 0.623 
MFM [15] 81.7 81.6 35.4 0.877 84.4 84.3 51.3 0.568 
ICCN [12] 83.0 83.0 39.0 0.862 84.2 84.2 51.6 0.565 
MulT [14] 83.0 82.8 40.0 0.871 82.5 82.3 51.8 0.580 
MISA [ 5] 83.4 83.6 42.3 0.783 85.5 85.3 52.2 0.555 
Self-MM [23] 85.9 85.9 - 0.713 85.1 85.3 - 0.530 
FDMER [22] 84.6 84.7 44.1 0.724 86.1 85.8 54.1 0.536 
PS-Mixer [ 8] 82.1 82.1 44.3 0.794 86.1 86.1 53.0 0.537 
MInD [ 2] 86.0 86.0 45.8 0.705 86.6 86.7 53.9 0.529 
DCD* [ 7] 86.2 86.2 45.1 0.724 85.6 85.5 53.4 0.543 
MMAFNet (Ours) 86.6 86.6 47.1 0.698 86.3 86.2 54.4 0.527 

Table 2. Ablation study of modules validity in MMAFNet on the two datasets.

Dataset SGM IPR AFM Acc2 ↑F 1 ↑Acc7 ↑M AE  ↓
CMU-MOSI [25] ✗ ✗ ✗ 84.6 84.5 44.3 0.735 

✗ ✗ 85.4 85.3 45.5 0.721 
✗ 86.2 86.1 46.3 0.711 

86.6 86.6 47.1 0.698 

CMU-MOSEI [26] ✗ ✗ ✗ 84.8 84.9 52.6 0.547 
✗ ✗ 85.4 85.4 53.5 0.539 

✗ 86.0 86.0 54.0 0.530 
86.3 86.2 54.4 0.527 

Results on CMU-MOSEI [ 26]: As shown in Table 1, although our method 
works slightly overshadowed by MInD [2] with 0.3% and 0.5% decreasing on 
Acc2 and F1, it exhibits competitive results with the best Acc7 and MAE. 
Note that our modality modulation approach enhances multimodal information 
utilization, particularly for fine-grained sentiment analysis, and mitigates the 
multimodal learning imbalance problem. The larger size of the MOSEI dataset 
adds complexity and exacerbates the problem of sentiment category imbalance. 
Whereas Acc2 is a simpler binary task, this tends to bias the model toward
more frequent categories, which reduces the accuracy of binary categorization.
Additionally, inter-modality heterogeneity may not be fully resolved in binary
tasks, resulting in slight declines in Acc2 and F1 performance.

3.3 Ablation Study 

To verify the effectiveness of the proposed modules, we conduct ablation experi-
ments on both the CMU-MOSI [25] and CMU-MOSEI [26] datasets, as shown i n
Table 2. Our method consists of three key components: specific feature gradient 
modulation (SGM), invariant feature parameter reset (IPR), and adaptive fusion
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Table 3. MMAFNet modulation frequency analysis experiments o n the CMU-
MOSI [25] d ataset.

Metrics 
Modulation 

SGM SGM+IPR 

15 20 25 30 15 20 25 30 
Acc2 ↑ 85.1 85.5 85.9 85.6 85.8 86.3 86.6 86.2 
F 1 ↑ 85.2 85.5 85.9 85.7 85.8 86.2 86.6 86.1 
Acc7 ↑ 45.1 45.7 46.0 45.8 45.2 46.5 47.1 47.0

MAE ↓ 0.729 0.720 0.715 0.721 0.716 0.710 0.698 0.705

module (AFM). When all modules are removed, we observe a significant perfor-
mance degradation, highlighting each component’s essential role. Specifically, 
we find that the performance improves when either SGM is applied to modulate 
the specific feature branches, or IPR is used to modulate the invariant feature 
branches. This result demonstrates that both strategies contribute to addressing 
the modality imbalance problem. Finally, adding the AFM, which discriminates 
the importance of different features and applies weighted fusion to mu ltimodal 
information, further boosts the model’s performance. This reinforces the impor-
tance of feature-level modulation for effective multimodal sentiment analysis. In 
conclusion, the ablation experiments confirm t he significance of each proposed
module in improving multimodal sentiment analysis performance.

3.4 Modulation Frequency Analysis 

We conduct modulation frequency analysis to achieve accurate modulation, a s 
shown in Table 3. By keeping other parameters constant, we test frequencies 
of 15, 20, 25, and 30 epochs. The experimental results indicate that the SGM 
strategy performs best with 25 epochs, with performance declining at 30 epochs. 
Thus, we select 25 epochs as the optimal frequency for SGM. Building on this, 
we integrate the IPR strategy, which achieves the best overall performance at 
25 epochs. Modulating both SGM and IPR at 25 epochs effectively enhances 
the model’s ability to learn multimodal information and prevents overfitting
during later training.

4 Conclusion 

This paper proposes a novel approach, the Modality Modulation Adaptive Fusion 
Network (MMAFNet), designed to address the challenges of imbalance and het-
erogeneity in multimodal sentiment analysis tasks. In such tasks, strong modal-
ities often dominate the network optimization process, leading to the under-
optimization of weak modalities. To tackle this issue, our approach employs 
a modality decoupling framew ork, which effectively mitigates modality hetero-
geneity. For modality-specific features, we implement a feature gradient modula-
tion strategy that adaptively adjusts gradients based on the relative importance
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of each modality, ensuring balanced optimization. Additionally, we introduce 
a parameter resetting strategy for invariant features to prevent overfitting to 
strong modalities, reduce noise interference, and enhance the learning of shared 
invariant features. Finally, an adaptive fusion module is utilized to achieve 
weighted fusion, enabling the model to focus on the most relevant informa-
tion. Extensive experiments on the CMU-MOSI and CMU-MOSEI datasets 
demonstrate the effectiveness of our approach. Future work will investigate the 
imbalance problem in scenarios with missing modalities to further improve mo del 
robustness. 
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