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Multimodal sentiment analysis leverages information from multiple sensors to achieve a comprehensive
interpretation of emotions. However, different modalities do not always boost each other as expected. They
compete with each other, leading to some modalities being under-optimized during the training process. To
address this issue, we propose Adaptive Gradient Scaling with Sparse Mixture-of-Experts (AGS-SMoE).
We first discuss the issue of modal preemption in unified multimodal learning from the perspective of causal
preemption. Driven by actual cause, we use the gradient norms from different encoders at two fusion stages
as evidence, estimating the current modal preemption state using a parameter-free method. Then, based on
the dynamic preemption factor, we design a gradient scaling method to balance optimization for different
encoders. Furthermore, we use Mixture-of-Experts to sparsify and perceive multimodal tokens in different
preemption states. As a result, our experiments on four multimodal sentiment analysis datasets have achieved
state-of-the-art results. Moreover, our method improves modal representation learning at different stages.
Extensive experiments confirm that our method can alleviate the modal preemption problem in a plug-and-play
manner. Our code is available at https://github.com/TheShy-Dream/AGS-SMoE.
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1 Introduction
Multimodal sentiment analysis (MSA) is a hotspot field that aims to decode emotional expres-
sions by synergistically interpreting various modalities such as facial expressions, speech, and
text [3]. This approach surpasses unimodal methods, offering a more nuanced understanding of
emotions [10]. It is applied in diverse scenarios including healthcare for mental state assessment,
automated tutoring systems for emotional support, and enhancing customer service through call
analytics [71]. Previous research has confirmed that designing more effective fusion networks [47,
56, 59] and incorporating multitask learning methods [13, 25, 36, 63] that reduce modality gaps can
significantly promote multimodal integration. Most MSA studies [15, 17–19, 51] are based on the
assumption that in a unified multimodal training, all modalities can be adequately optimized.

However, most deep learning models are based on likelihood maximization, and optimizing
better-performing modalities brings the fastest convergence of discriminative loss. But it may
also dominate the training process, causing competition between modalities and leading to the
under-optimization of other modalities (also referred to as modality laziness [5, 68]). As shown in
Figure 2(a), the average L2 gradient norm of the text encoder converges significantly throughout
the training process, while the convergence of the audio and visual encoders is not obvious. That
is because the text contains most sentimental information and is quickly optimized, while the
optimization process of other modalities is suppressed by the optimization of the text encoder.
The fusion result is generated through the interaction of two modalities, and it is unreasonable to
optimize just one of them. This will compromise the model’s interpretability and generalization
ability. In Figure 1, we compare the different modalities in a multimodal task to different team
members: Typically, the stronger modalities (like stronger cyclists) lack connection and mutual
assistance with the weaker modalities (slower cyclists). Even if they reach the finish line first
(achieve training convergence), they have to wait for the weaker modalities to catch up because the
team’s final time is determined by when their last member crosses the finish line (the comprehensive
performance of all modalities). Through appropriate regulation, the stronger members can slow
down to help the weaker ones accelerate more effectively. The weaker members behind them can
increase their speed thanks to this assistance (drafting or other collaborations), thereby improving
the team’s overall performance. Collaboration and mutual assistance among modalities can alleviate
the suboptimal issues arising from multimodal competition.

Recently, studies have focused on the issue of modal competition; some [22, 68] utilize teacher
models to enhance the learning of a single modality through distillation, others [26, 46, 57] use
gradient modulation methods to balance optimization of different modalities. However, these
methods still suffer from the following issues: (1) The traditional methods only evaluate multimodal
competition state based on the inconsistency of accuracy among different modality encoders
and forcibly require the optimization states of all modalities to be aligned, ignoring the inherent
causality of the modalities on the fusion results which often leads to degradation in multimodal
fusion. (2) When more than two modalities are fused, the competition among modalities becomes
more complex. Existing methods struggle to generalize to complex situations involving multiple
dominant or suppressed modalities.

In response to the aforementioned issues, it naturally raises the question: Q1: Is it possible to
use a causal perspective to assess multimodal preemption status? Gradient-based modal competition
mitigation can be regarded as regularization. The assessment of modality preemption status is a
prerequisite for gradient scaling and directly affects the model performance. However, due to the
black-box nature of neural networks, effectively identifying the dominant modality from a causal
perspective is challenging. Even if the dominant modality is successfully identified, we still face
another question: Q2: How to design appropriate gradient scaling strategies based on the preemption
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Fig. 1. A vivid example of multimodal coopera-
tion and competition. In a team cycling event,
drafting and cooperation among team members
help enhance the overall capability of the team.
The same principle applies to the collaboration
among different modalities in a multimodal con-
text. By employing a multimodal collaborative
strategy, AGS-SMoE can achieve better fusion re-
sults. AGS-SmoE, adaptive gradient scaling with
sparse mixture-of-experts.

Fig. 2. The average L2 norm of the gradients for
different encoders in a joint multimodal training
process on the CMU-MOSI dataset.

intensity when involving multiple dominant or suppressed modalities? For different situations across
various modalities, gradients should be dynamically adjusted based on the modality preemption
status to balance the optimization of different modalities and maximize the advantages of each
modality.

To address the aforementioned questions, we embrace actual cause theory and proposeAdaptive
Gradient Scaling with Sparse Mixture-of-Experts (AGS-SMoE), which addresses the issue
of modal competition from the perspective of causal preemption. To answer Q1, we use the L2
norm of gradients from different encoders in each iteration to dynamically estimate the actual
cause of different modalities on the fusion result. Based on the actual causal effect, we further
assess the preemptive modality and preemption factor for each batch. To answer Q2, we set unique
gradient update strategies for each encoder based on the preemption factor to dynamically control
the optimization speeds of different modalities and alleviate the problem of modal competition. We
have adopted the aforementioned gradient scaling strategy for different fusion stages. Regarding
token-level preemption, we utilize a Mixture-of-Experts (MoE) [48] as the fusion network to
dynamically allocate multimodal tokens according to the varying degrees of preemption. Recent
advancements in MoE have demonstrated their effectiveness in enhancing model performance [38,
52]. While prior approaches [31, 32, 49] primarily focus on architectural enhancements to MoE,
our method directly leverages MoEs to manipulate gradient flows for balanced optimization across
different modalities. As shown in Figure 2(b), our AGS-SMoE can alleviate multimodal competition
and ensure that all modalities are well-optimized. It is worth mentioning that AGS-SMoE is a
parameter-free and model-agnostic method. The contributions of this article are as follows:

—We propose AGS-SMoE, a parameter-free and model-agnostic method, which effectively
alleviates multimodal competition in multimodal joint training through multimodal causal
preemption state estimation and adaptive gradient scaling strategies.

—We are the first work to systematically analyze the problem of multimodal competition using
causal preemption theory and provide theoretical support for preemption state estimation.
The theory proves that our method is applicable to more modalities and more stages of the
training process.
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—Our experiments on the four open datasets for MSA CMU-MOSI [66], CMU-MOSEI [67],
UR-FUNNY [14], and CH-SIMS [62] show that AGS-SMoE has achieved new State-of-the-Art
(SOTA) results. The extensive experiments confirm that AGS-SMoE not only achieves better
fusion results but also promotes representation learning at different fusion stages.

2 Related Work
2.1 MSA
MSA goes beyond traditional text analysis by considering visual cues and potentially auditory inputs
to provide a more accurate sentiment assessment. To effectively aggregate consistent information
from different modalities, modal fusion is a core issue in MSA. Zedeh et al. [64] propose a tensor-
based network for multilevel multimodal fusion. For better sequential learning, Zedeh et al. [65]
model view-specific and cross-view interactions through a system of Long Short-Term Memory
(LSTM) units. Many researchers have incorporated self-supervised learning [15, 63] and mutual
information [13] into tensor fusion networks to reduce the burden of multimodal learning. The
breakthroughs of the Transformer [55] in the fields of natural language processing and computer
vision have also enhanced the development of cross-modal interaction. Tsai et al. [53] leverage
the ability of the Transformer to learn sequential weight mappings, extending it to a cross-modal
Transformer for MSA. Some researchers [35, 56] have also noted the unique role of text in MSA
and have designed text-centric attention networks. Kim and Park [25] integrate fusion within the
pre-trained Large-BERT, while Hu et al. [17] place the fusion process within the pre-trained T5
model, demonstrating that language model-based large-scale fusion can improve accuracy. On the
other hand, more and more auxiliary tasks are designed to reduce the modal gap and enhance
accuracy [9, 29, 30, 34].

All the aforementionedMSAmodels implement joint trainingwithin a uniform network, failing to
account for the competitive relationships between modalities, resulting in unimodal representation
degradation. Therefore, we analyze and integrate the issue of suboptimal modality optimization
caused by joint training and design a gradient scaling method to mitigate this issue.

2.2 Multimodal Competition
When different modalities are integrated to obtain consistent information, there is also interference
between modalities, which makes the joint training process suboptimal. To explain the causes of
modality competition during joint training, Huang et al. [21] provide both empirical evidence and
proof at the experimental level. Wang et al. [57] find that multimodal networks often underperform
compared to the best unimodal networks; they compute an optimal blend of modalities and use
gradient-blending to tackle these problems. Du et al. [5] combine fusion objectives with uni-
modal distillation and introduce Uni-Modal Teacher (UMT) to learn sufficient features from each
modality. To make better use of visual information and enhance the balance between the visual
and textual modalities, Winterbottom et al. [58] evaluate the contributions of visual and textual
information and propose bilinear pooling fusion. Peng et al. [46] propose OGM-GE which controls
the optimization of each modality by monitoring the discrepancy in their contributions to the
learning objective and introduces extra Gaussian noise that changes dynamically to counteract any
potential drop in generalization ability caused by the gradient modulation. Li et al. [26] introduce
an Adaptive Gradient Modulation method to boost the performance of multimodal models by
dynamically adjusting the gradient signals during back-propagation. Zhang et al. [69] developed
gradient coordination to alleviate multimodal gradient conflicts.

These methods control the balance of modalities in competitive relationships, mostly based on
the enhancement of encoders or gradient modulations. They only consider the competition among
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Fig. 3. Causal graph of MSA.

different modalities through the assessment of accuracy and forcibly require different modalities
to align the optimization states together, which can also harm model performance. When the
number of modalities increases, it becomes very difficult to enforce consistent optimization across
all modalities, and the model often struggles to converge. Most of them require additional training
parameters to enhance the representational capacity of specificmodalities. Unlike previousmethods,
AGS-SMoE aims to align the optimization with the actual cause estimated by modality-specific
gradients. Due to the objective stability of the inherent causality of the modalities, using it to scale
gradients is more stable than relying on unimodal accuracy.The gradient estimation approach allows
AGS-SMoE to operate without additional unimodal classifiers. It can boost balanced optimization
in a parameter-free and model-agnostic manner from the perspective of causal preemption.

3 Problem Formulation
In this section, we introduce the task definitions, basic concepts, and causal assumptions which
will be used for theoretical analysis in Section 4.

Task Definition. The objective of traditional MSA is to develop a computational model that can
accurately classify or predict the sentimental state conveyed by a combination of modalities, such
as text, audio, and visual data [18]:

.8 = 5\ (�C ∈ R;C×3C , �0 ∈ R;0×30 , �E ∈ R;E×3E ), (1)

where 5\ is the function that maps the input modalities to a sentimental state. �C represents text
data, which could include linguistic features. �0 represents audio data, which might involve acoustic
features like pitch, tone, and intensity. �E represents visual data, encompassing facial expressions,
body language, or other visual cues. The lengths of the text data, audio data, and visual data are ;C ,
;0 , and ;E , respectively. Their dimensions are 3C , 30 , and 3E , respectively.

Our objective is to tackle the issue of multimodal competition in MSA. The goal is to learn a
mapping 5 ∗

\
∈ 5\ ensuring not only a good final fusion representation but also good representations

for different modality branches within an MSA model.

Definition 3.1 (Causal Graph).The causal graph is a directed acyclic graphG = {N , E} to represent
the causal relationships between a set of variables. It consists of nodes that represent the variables
N and directed edges E that indicate the direction of causality from cause to effect [44]. Figure 3
presents a causal graph of MSA.

Definition 3.2 (Causal Model) [45]. A causal model can be represented by the following triplet:

" = 〈* ,+ , � 〉, (2)

where* denotes the set of exogenous variables, whose values are determined by external factors.+
denotes the set of endogenous variables, whose values are determined by their parent node set %�,
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and � represents the mapping relationships between variables. Each model" is associated with a
causal graph, where each node N in the causal graph corresponds to an endogenous or exogenous
variable, and the edges E in the causal graph correspond to the mapping relationships between the
nodes. In Figure 3,* represents the exogenous variable set, while all other variables are endogenous.
The blue lines indicate the mapping relationship � . It is worth mentioning that the exogenous
variable* will affect the mapping relationship � , thereby causing changes in some endogenous
variables + . For instance, different sampling orders or varying computational quantization levels
can impact the model and affect the final prediction.

Definition 3.3 (Causal Beam) [45]. For model" = 〈* ,+ , {58 }〉 and state * = D, a causal beam is a
new model"D = 〈D,+ , {5 D8 }〉, in which the set {5 D8 } is constructed through the following steps:

(1) For each variable+8 ∈ + , its parent nodes in set %�8 are divided into two subsets %�8 = ( ∪ (̄ ,
such that no matter how we set the members of (̄ , ( is any subset of %�8 that is sufficient to
imply the actual value of +8 (D):

58 (( (D), (̄, D) = 58 (( (D), (̄ ′, D) ∀ B̄′ . (3)

(2) For each variable +8 ∈ + , identify a set - ⊂ (̄ such that certain realizations - = G can make
the function 58 (B, (̄G (D), D) nontrivial in B:

58 (B′, (̄G (D), D) ≠ +8 (D) ∃ B′ . (4)

(3) Replace 58 (B, B̄, D) with the mapping 5 D8 (B):

5 D8 (B) = 58 (B, (̄G (D), D). (5)

The causal beam provides us with a fundamental environment for analyzing causal preemption,
on the basis of which we describe the Natural Causal Beam.

Definition 3.4 (Natural Causal Beam) [45]."D is a Natural Causal Beam when the condition 2 of
the definition 3.3 is satisfied with - = ∅, meaning all x variables maintain their true values instead
of being freezed through 3> (·). At this point, step 3 can be simplified to 5 D8 (B) = 58 (B, (̄ (D), D). Once
a Natural Causal Beam exists, we can identify the actual cause of the event within the current beam.

Definition 3.5 (Actual Cause) [45]. Event - = G is the actual cause of . = ~ if and only if the
following conditions are met within the natural beam"D :

.G = ~ 8= "D 0=3 .G ′ ≠ ~ 8= "D ∃ G ′ ≠ G . (6)

The state D is uncertain and we use % (D) to represent its probability. % (D) also reflects the
probability that G is the actual cause of ~, represented as cause(G,~). The state D can be estimated
based on our observational evidence 4 , denoted as % (D |4). Additionally, we use *G~ to denote the
subset of states where G is the actual cause of ~, and *4 to denote the subset of states that are
consistent with the observed evidence 4 . Thus far, we have obtained an estimation method for the
probability that G is the actual cause of ~ given the evidence [45]:

% (cause(G,~) |4) =
% (*G~ ∩*4 )

% (*4 )
= % (D = 1|4). (7)

4 Methodology
In this section, we first analyze the modality competition issue from the perspective of Multimodal
Causal Preemption (Section 4.1.1). Using Causal Beams as a tool to estimate the preemption status
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Fig. 4. The causal preemption in multimodal fusion depicted using causal graphs. Blue solid lines represent
the ideal causal transmission edges, red dashed lines indicate causal preemption edges caused by modal
competition, and green solid lines illustrate complex causal preemption under the influence of uncertain
factors. The subfigures (a)–(c) describe the process for causal preemption in multimodal learning. Subfigures
(d) and (e) illustrate the schematic diagram of natural causal beams for two different states.

(Section 4.1.2), we then present the comprehensive architecture of our proposed AGS-SMoE (Section
4.2). Finally, we discuss the mechanism of AGS-SMoE (Section 4.3).

4.1 Theoretical Analysis of Multimodal Competition
In this section, we refer to Structural Causal Model [45] to represent the competition of modal
representations as a causal preemption problem and introduce the relevant causal relationships [6].
Our subsequent methods will be based on these causal relationships and assumptions.

4.1.1 Multimodal Causal Preemption. Based on the process of traditional multimodal fusion,
we construct the causal graph as shown in Figure 4(a). The structural equations are not explicitly
depicted in the figure, yet they are assumed to ascertain the value of each child variable based on
the values of its parental variables within the graph.<1 and<2 represent the two modalities to be
fused, �1 and �2 represent the corresponding modality encoders, and � represents the multimodal
feature after fusion. We can utilize the following Boolean model to describe the multimodal fusion
in the ideal state [6]:

41 =<1, 42 =<2, 5 = 41 ∨ 42 =<1 ∨<2, (8)

the lowercase letters represent the output of the corresponding modules, for example, 41 = <1

indicates that the modality<1 is mapped by a structural equation (estimated through the encoder
�1) to obtain 41. It is worth mentioning that the expressions on either side of the equals sign here
describe a causal relationship, thus they are not interchangeable.

However, most MSA models are based on the premise that the encoding processes of each
modality are independent during joint training. Many studies [21, 26, 46] have indicated that within
a unified training framework, modalities with better performance will dominate the entire training
process, leading to other modalities being sub-optimized.
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In causal graphs, we employ the concept of causal preemption to depict this issue of modality
competition [39], which represents a more generalized scenario [45]. Taking the example of<1

preempting <2, we illustrate this state with Figure 4(b). We can use the following formula to
describe the state:

41 =<1, 42 =<
′
1 ∧<2, 5 = 41 ∨ 42, (9)

when we import 41 and 42 into the expression of 5 , we can obtain a simple disjunction as follows:

5 =<1 ∨ (<′
1 ∧<2) ≡<1 ∨<2. (10)

The significance of structural information is underscored in this formula. This also characterizes
the gap between multimodal competition and the ideal of multimodal learning. The two sides of the
equation are logically equivalent, yet their structures are not symmetrical [2].<1 ∨<2 maintains
symmetry between<1 and<2, allowing for interchangeability, while<1 ∨ (<′

1 ∧<2) indicates that
<2 has an effect on 5 when only<1 is not true. When<1 is true,<2 does not affect the outcome
5 . This aligns with the objective of multimodal training: when the primary modality<1 does not
possess specific information,<2 provides auxiliary information for predictions. However, the actual
situation is that the model extracts more information in<1, and thus prioritizes the optimization
of 41, only optimizing 42 when<1 is devoid of information. This leads to 42 being sub-optimized,
diminishing its capacity to extract information from<2. It creates a vicious cycle where, even if
there are sentimental cues within<2, they cannot extract useful information due to the consistently
sub-optimized state of the encoder. Such failure further worsens the sub-optimized state of the
encoder and impairs the entire network.

During the training process, the roles of primary and secondary modalities are determined by
the batch distribution and the current optimization state of the encoder. Therefore, in the dynamic
training process, each modality has a probability of becoming a primary modality. If a modality
becomes the primary one, it is more likely to preempt other modalities in the current iteration. We
model this probabilistic process as shown in Figure 4(c). To model this uncertainty, we introduce a
binary variable D to represent whether modality<1 preempts<2 (D = 1) or<2 preempts<1 (D = 0).
To simplify the causal model, we do not introduce background variables *<1 and *<2 for<1 and
<2, which will not affect the conclusions we draw [7, 45]. We can derive the following formula:

41 =<1 ∧ (D′ ∨<′
2), 42 =<2 ∧ (D ∨<′

1), 5 = 41 ∨ 42. (11)

This is a more generalized case of Equation (9), when D = 1, it simplifies to Equation (9). The state
D directly influences the causal effects between different modalities and the results of modal fusion.

In the multimodal learning framework, D is not a static binary variable but a dynamic value.
Because the state of modality preemption is closely related to the data distribution of the dataset
and the characteristics of the modalities. This probability-based single-event causation requires the
application of the Causal Beam criterion for modeling [2, 43].

4.1.2 Preemption State Estimation in Multimodal Learning. In multimodal joint training, when
we set D = 1 in Equation (11), we can obtain Equation (9). According to Definition 3.3, we can
identify the following sustaining parent sets: <1 (for �1), <1 (for �2), and �1 (for . ), thus, the
projection in causal beam model"D=1 is as follows:

41 =<1, 42 =<
′
1, 5 = 41. (12)

Furthermore, we find that at this point, the variables in the complement of the sustaining parent
set for each variable only need to maintain their original values to achieve � = 5 ′ by setting
<1 =<

′
1. Therefore,"D=1 is a natural causal beam according to Definition 3.4, and its structure is
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shown in Figure 4(d). According to Equation (6), we obtain:

�<1 = 5 0=3 �<′
1
= 5 ′ 8= "D=1,

�<2 = 5 0=3 �<′
2
= 5 8= "D=1.

(13)

It is evident that when D = 1,<1 establishes a counterfactual dependence with the fusion result,
and therefore<1 is the actual cause of � , whereas<2 is not the actual cause of � .

On the contrary, when D = 0, the projection in causal beam model"D=0 becomes:

41 =<
′
2, 42 =<2, 5 = 42, (14)

which is also a natural beam as shown in Figure 4(e), and the test formula is:

�<1 = 5 0=3 �<′
1
= 5 8= "D=0,

�<2 = 5 0=3 �<′
2
= 5 ′ 8= "D=0.

(15)

It is clear that when D = 0,<2 is the actual cause of the fusion result, while<1 is not. According
to Equation (6), we obtain:

% (20DB4 (<1, � |4)) = % (D = 1|4), % (20DB4 (<2, � |4)) = % (D = 0|4), (16)

when extending to more modalities, we use the D̃<1 to represent the preemptive capability of the
modality<8 , which also reflects the extent to which a specific modality is the actual cause of the
fusion result [45]:

% (20DB4 (<8 , � |4)) = % (D = D̃<8
|4). (17)

4.2 AGS-SMoE
Based on the aforementioned theoretical analysis, we propose AGS-SMoE. Its architecture primarily
consists of unimodal feature extraction and cross-modal MoEs. The core method involves using
deep neural networks to estimate causal preemption states and to perform adaptive gradient scaling
to mitigate modality competition. The overall pipeline of AGS-SMoE is shown in Figure 5.

4.2.1 Model Architecture. Unimodal Feature Extraction. Following [13, 63], for the text modality,
we use BERT10B4 as the text encoder to map the text input into a sequence of vectors. We use Facet
[40] for visual feature extraction and COVAREP [4] for audio spectral feature extraction. Then the
audio and visual features are processed by Transformers and unidirectional LSTM [16] networks,
respectively:

�C = ��') (�C ), �< = !()" ()A0=B 5 >A<4A (�<)),< ∈ {0, E}. (18)

Multimodal Fusion with Cross-Modal Noisy Gating Mixture-of-Experts (Cross-MoE). The
MoE [48] has achieved new breakthroughs in both large language models [23, 60, 61] and large
multimodal models [27, 28, 31, 42, 50]. We utilize MoE for two main reasons: (1) MoE enables
each expert to specialize in handling different types of multimodal tokens, enhancing the model’s
efficiency by alleviating the computational load on individual experts and allowing for a more
concentrated data analysis [28, 31, 42]. (2)Whenwe apply gradient scaling strategies, MoE can assign
different experts to tokens based on their varying preemption states through conditional gating,
thereby encouraging diverse experts to learn the integration methods under different preemption
conditions. Such integration methods can better align with our gradient scaling strategy. We utilize
a !-layer Cross-MoE as our fusion backbone network. The Cross-MoE consists of a cross-modal
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Fig. 5. Pipeline of AGS-SMoE. The pipeline mainly consists of four parts: unimodal feature extraction, mul-
timodal fusion, preemption state estimation, and gradient scaling. In the unimodal feature extraction and
multimodal fusion, we estimate the multimodal preemption by the gradient norm, identify the dominant
modality, and estimate the degree of preemption in a parameter-free manner, adjusting the gradient according
to the varying degrees of dominance. We use two MoE models as our fusion network, where different experts
are encouraged to learn the multimodal token features under different dominant conditions and obtain the
fusion result through weighted summation.

attention module [53] followed by an MoE module [48]:

ℎ8C< = �CC4=C8>=(& = ℎ8C ,  = ℎ8<,+ = ℎ8<),< ∈ {0, E},
� 8
= = (ℎ8C< ·, 8

6 )= + n · (> 5 C?;DB ((ℎ8C< ·, 8
=>8B4 )=),< ∈ {0, E},

ℎ8+1C< =

#∑
==1

(> 5 C<0G ()>? (� 8 , :))=��# 8
= (ℎ8C<),< ∈ {0, E},

(19)

where 8 denotes the index of layers ranging from 1 to !, = denotes the index of the expert ranging
from 1 to # . ℎ8C< represents the cross-attention output in the 8th layer and ℎ1C = �C , ℎ1< = �< .
Followed by [48], we use noisy gating to balance the load of different experts. Specifically, we use
randomly initialized,6 ∈ R3<>34;×# and,=>8B4 ∈ R3<>34;×# to map the weights logits of different
experts, respectively. n represents a matrix of Gaussian noise. � 8

= represents the logits of the =th
expert at the 8th layer. )>? denotes the operation of keeping the top : largest values, with all other
values being assigned as -∞.

4.2.2 Preemption State Estimation. When integrating three modalities, researchers often adopt
a multistage fusion strategy [12, 18, 56, 70], where bi-modal fusions are performed first (stage 1),
followed by a final integration of the fused modalities (stage 2). This article hypothesizes that
multimodal competition issues are present in each stage of the fusion process.

In Section 4.1.2, we have derived Equation (17) for estimating the modality preemption capability
of modality< through evidence. Gradients are crucial in the learning process of neural networks,
as they serve as the most direct representation of modal optimization conditions, and thus can also
act as evidence of modal preemption speeds. We calculate the L2 norm of gradients from different
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encoders as evidence for estimating the preemption situation:

6A03< =

√√
1
=

=∑
8=1

| |6<
8
| |22, (20)

where < ∈ {C, 0, E, C0, CE} represents the type of encoder, 6<8 denotes the grad of 8th parameter
in < encoder, and = represents the number of parameter in < encoder. The 6A03C , 6A030 , and
6A03E correspond to three unimodal encoders, and 6A03C0 and 6A03CE correspond two multimodal
encoders. We utilize these gradient norms to estimate the degree of causal preemption in stage 1
and stage 2, respectively.

Preemption State Estimation in Stage 1. In stage 1, we primarily compare the relationships among
6A03C , 6A03E , and 6A030 . Equation (17) provides us with a method for causal estimation, from which
we have expanded two simple parameter-free methods to estimate the current state: MAX and
AVERAGE. The comparative results of the two strategies are in Section 5.8.

The MAX strategy assumes only one dominant modality in the current state. If the gradient norm
of the current encoder is the maximum, it indicates that the current modality<8 has preempted
the other modalities, marked as 1; otherwise, it is marked as 0:

% (D = D̃<8
|4) =

{
1, if 6A03<8

=max(6A03<8
), <8 ∈ {C, 0, E},

0, others. (21)

The AVERAGE strategy assumes the existence of multiple dominant modalities at present. If
the gradient norm of the current encoder is larger than the average of the other two encoders, it
indicates that the current modality<8 has preempted the other modalities, marked as 1; otherwise,
it is marked as 0:

% (D = D̃<8
|4) =

1, if 6A03<8
>
6A03< 9

+ 6A03<:

2
, <8 ,< 9 ,<: ∈ {C, 0, E}, 8 ≠ 9 ≠ :,

0, others.
(22)

Preemption State Estimation in Stage 2. In stage 2, we directly compare 6A03CE and 6A03C0 . The
Cross-MoEwith the larger gradient norm dominates the final fusion process, marked as 1; otherwise,
it is marked as 0:

% (D = D̃<8
|4) =

{
1 if 6A03<8

=max(6A03<8
), <8 ∈ {C0, CE},

0 others. (23)

4.2.3 Adaptive Gradient Scaling. Due to complex data sampling and model learning states,
modalities that exhibit good performance tend to dominate the training process, consequently
causing varying degrees of under-optimized issues for other modalities. To address this problem,
we dynamically adjust the training process of the well-performing modalities to mitigate the
under-optimization issues of the other modalities using adaptive gradient scaling. We calculate the
preemption ratio d<8

using the following equation:

d<8
=



26A03<8

6A03< 9
6A03<:

, if % (D = D̃<8
|4) = 1, <8 ,< 9 ,<: ∈ {C, 0, E}, 8 ≠ 9 ≠ :,

6A03<8

max(6A03<8
6A03< 9

) , elif % (D = D̃<8
|4) = 1, <8 ,< 9 ∈ {C0, CE}, 8 ≠ 9,

0, others.

(24)

Different stages of preemption are calculated separately, and a higher preemption rate indicates
more severe modal competition in the current fusion stage. The assumption suggests that the
preemption rate d<8

should be negatively correlated with the strength of gradient scaling. That is,
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Algorithm 1: Multimodal Learning with AGS-SMoE

the stronger the optimization dominance of modality<8 over other modalities, the slower we would
want the optimization of<8 to proceed. We define the following coefficient _<8

to dynamically
regulate the training rates of the modal encoder corresponding to modality<8 :

_<8
= 1 − tanh

(
U ·

d<8

1 + d<8

)
, (25)

where U is a hyper-parameter to control the strength of gradient scaling. In practice, we use U
and V to control the gradient scaling strength in the first stage and the second stage, respectively,
as discussed in Section 5.7. By aggregating the coefficient _<8

with the optimization method of
Stochastic Gradient Descent [1], we can achieve a balanced gradient update strategy in iteration C :

\1C+1 = \
1
C − [ · _<8

1
�(

∑
G∈�C

∇\1 ℓ (G ;\1C ), (26)

where �( denotes the batch size, �C denotes the current batch of data of iteration C , 1 serves as
an identifier for different encoders, \1C represents the corresponding parameters in the encoder of
modality<8 in iteration C . By dynamically scaling the gradients of the dominant modalities, we can
alleviate the issue of modality competition.

4.2.4 Loss Function. We use �C0 and �CE to denote the two output branches of the Cross-MoE
�C0 = ℎ!+1C0 and �CE = ℎ!+1CE , respectively. We concatenate these two vectors and then use a multilayer
perceptron to produce the final sentiment logits. Following [13, 14, 20, 36], we use Mean Absolute
Error (MAE) as the loss function for MSA and cross-entropy as the loss function for multimodal
humor detection. The overview of our algorithm in Algorithm 1:

~̂ ="!% ( [�C0 ; �CE]), !>BB = LC0B: (~̂, ~). (27)

4.3 Actual Cause-Guided Adaptive Gradient Scaling: Alleviating Multimodal
Competition

Traditional methods [11, 26, 46, 69] compare the inconsistency of additional unimodal classifier
accuracies as an indicator of modality competition. Then they control the optimization speed of the
dominant modality by modulating the gradient to keep all modalities under similar optimization
states. However, blindly aligning the optimization of different modalities can also lead to a decrease
in model accuracy for twomain reasons [11]: (1)The inherent information content within modalities
is unequal. Text has an innate intuitiveness for sentimental judgment [18, 20, 56], so the priority of
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the text modality should be taken into account. (2) There are inherent differences in the abilities of
encoders to extract information from modalities. We cannot force a perfectly trained encoder to
align with a randomly initialized encoder under a similar optimization state, and vice versa.

Different from traditional methods [11, 26, 46, 69], AGS-SMoE replaces unimodal classifiers
with a more stable and objective intrinsic gradient estimation of the actual cause and aligns
the optimization state with the actual cause. Ideally, the unimodal gradients, which represent the
optimization speeds should be highly correlated with the actual causes of the unimodal on the fusion
results. However, due to the multimodal competition, the correlation between gradients and actual
cause is diminished. Because similar discriminative information may appear in different modalities
simultaneously, once the fusion results have obtained sufficient discriminative information from
the dominant modality preferentially, it will start to reject information from weaker modalities,
leading to smaller gradients for the weaker modalities [21]. To address these issues, AGS-SMoE
applies inverse weighted scaling to the gradients, limiting the dominant modality in the actual
cause, to alleviate the information saturation of the fused modality. As a result, the weaker modality
encoders will receive sufficient gradients and optimization speed. Due to the additional gradient
calculations, similar to other gradient-based methods [11, 26, 46, 69], the training duration may be
slightly extended.

AGS-SMoE can be considered as a special case of the Expectation-Maximization algorithm [41].

—In the Expectation step, AGS-SMoE estimates the actual cause D through current gradients
6A032 , and due to modality competition, this is a negatively biased estimation for weaker
modalities. Then, based on the 6A032 and D, we calculate the expectation likelihood of the
ideal gradient 6A03 . For the oppressed modality, the ideal gradient is the original gradient. For
the dominant modality, the ideal gradient is the scaled gradient that can effectively balance
its optimization and the subsequent optimization of other modalities:

& (6A03 |6A032 ) = ED |6A032!(6A03 |D,6A032 ). (28)

—In the Maximization step, AGS-SMoE adjusts the gradient of the dominant modality to maxi-
mize its expectation likelihood to the ideal gradient and obtain the gradient 6A032+1 adaptively
for optimization. Through repeated iterations and alleviation of modality competition, the
negatively biased estimation of the actual cause of weaker modalities towards the actual cause
will gradually decrease in the Expectation step. Ultimately, all the gradients of modalities will
align with the actual cause:

6A032+1 = argmax
6A03

& (6A03 |6A032 ) = ��( (6A032 ). (29)

5 Experiments
5.1 Dataset
We conduct experiments on four publicly available datasets: CMU-MOSI [66], CMU-MOSEI [67],
UR-FUNNY [14], and CH-SIMS [62]. The data splitting aligns the original datasets.

CMU-MOSI. The CMU-MOSI dataset is a comprehensive collection of 2,199 opinionated video
clips. Each clip is annotated with sentiment scores ranging from −3 to 3. It consists of 1,284 training
samples, 229 validation samples, and 686 test samples, totaling 2,199 samples.

CMU-MOSEI. The CMU-MOSEI dataset is an expanded version of the CMU-MOSI. The data
annotation standard is consistent with CMU-MOSI. It comprises 16,326 training samples, 1,871
validation samples, 4,659 test samples, and has a total of 22,856 samples.

UR-FUNNY. The UR-FUNNY dataset is the first dataset designed specifically for multimodal
humor detection. Each video clip is annotated with a binary label, indicating whether it is humorous
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or non-humorous. It includes 7,614 training samples, 980 validation samples, 994 test samples, and
sums up to 9,588 samples.

CH-SIMS.The CH-SIMS dataset is a MSA resource for the Chinese language. Each clip is annotated
with sentiment scores ranging from −1 to 1. It encompasses 1,368 training samples, 456 validation
samples, 457 test samples, and has a total of 2,281 samples.

5.2 Evaluation Metrics
For CMU-MOSI and CMU-MOSEI, we use MAE and Correlation Coefficient (Corr) to measure the
accuracy of regression. We use ACC-2 and F1-score to measure the binary classification accuracy
under two settings: Positive/Negative (P/N) and Non-Negative/Negative (NN/N). In addition,
we use ACC-7 to measure the accuracy of fine-grained sentiment classification within the range of
−3 to 3.

For UR-FUNNY, we use ACC-2 to measure the binary classification accuracy.
For CH-SIMS, we evaluate the accuracy of regression using the MAE. For binary classification in

negative/non-negative scenarios, we evaluate performance using the ACC-2 and F1-score metrics.
Additionally, we measure the accuracy of fine-grained sentiment classification within the range of
−1 to 1 using the ACC-5 metrics.

For the issue of modal competition, we report ACC-3 on CMU-MOSI, CMU-MOSEI, and CH-SIMS
which predicts the three categories: negative, neutral, and positive.

5.3 Baselines
We compare AGS-SMoE with other baseline models that use the same preprocessing methods
to validate its performance on the MSA task. These baselines include tensor-based fusion (TFN
[64], LMF [33]), Transformer-based fusion (MulT [53], MAG-BERT [47], BIMHA [59], TETFN [56],
TGMN [35], TMBL [19], CRNet [51]), and auxiliary task-guided fusion (MISA [15], Self-MM [63],
HyCon-BERT [36], MMIM [13]).

Furthermore, we compared the AGSmethod with other modal competition mitigation approaches
to verify the effectiveness of our proposed AGS in addressing modal competition issues. For a fair
comparison, when conducting multimodal competition experiments, all models use the simplest
multimodal concatenation method. Therefore, we do not use sparse MOE and will use AGS to
represent our method. The baselines include traditional concat fusion, G-Blending [57], OGM-GE
[46], PMR [8], UME, and UMT [5].

5.4 Implement Details
Feature Extraction. For a fair comparison, we employ the same feature extraction method as HyCon-
BERT [36], a method also utilized by the vast majority of baselines. Specifically, we use BERT [24]
as the text encoder. For audio modality, we use COVERAP [4] to extract spectral features, speech
polarity, harmonic parameters, and so on. For visual modality, we use Facet [40] to extract action
units, facial landmarks, and other expression data.

Hyperparameter Setting. We use Adam as the optimizer, with a learning rate of 1e-3 for all
modules, and train with a fixed batch size of 64. The number of Cross-MoE layers is fixed at 9.
The hyperparameters U and V that control the balance strength are tuned within the range of
{0.001,0.005,0.01,0.05,0.1}. The hyperparameter W that controls the end epoch of the gradient scaling
is tuned within the range of {2,4,6,8} and the number of experts # is tuned within the range of
{3,4,5}. We set  to 2, meaning up to K experts are activated. All experiments are conducted on a
single Tesla V100 (32 G). The sensitivity analysis of the hyperparameters is presented in Section 5.7.
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Table 1. The Comparative Results of AGS-SMoE against Other Baselines on the CMU-MOSI and
CMU-MOSEI Datasets

Models CMU-MOSI CMU-MOSEI
MAE↓Corr↑ACC-7↑ ACC-2↑ F1↑ MAE↓Corr↑ACC-7↑ ACC-2↑ F1↑

TFNa [64] 0.901 0.698 34.9 -/80.8 -/80.7 0.593 0.700 50.2 -/82.5 -/82.1
LMFa [33] 0.917 0.695 33.2 -/82.5 -/82.4 0.623 0.677 48.0 -/82.0 -/82.1
MulTa [53] 0.861 0.711 - 81.5/84.1 80.6/83.9 0.580 0.703 - -/82.5 -/82.3

MAG-BERTb [47] 0.790 0.768 42.9 -/83.5 -/83.5 0.602 0.778 51.9 -/85.0 -/85.0
MISAa [15] 0.804 0.764 42.3 80.79/82.10 80.77/82.03 0.568 0.724 - 82.59/84.23 82.67/83.97

Self-MMa [63] 0.712 0.795 45.79 82.54/84.77 82.68/84.91 0.529 0.767 53.46 82.68/84.96 82.95/84.93
MMIMa [13] 0.700 0.800 46.65 84.14/86.06 84.00/85.98 0.526 0.772 54.24 82.24/85.97 82.66/85.94

HyCon-BERTb [36] 0.713 0.790 46.6 -/85.2 -/85.1 0.601 0.776 52.8 -/85.4 -/85.6
BIMHAb [59] 0.925 0.671 36.44 78.57/80.3 78.5/80.03 0.559 0.731 52.11 84.07/83.96 83.35/83.5
TETFNb [56] 0.717 0.800 - 84.05/86.10 83.83/86.07 0.551 0.748 - 84.25/85.18 84.18/85.27
TGMNb [35] 0.707 0.786 - -/86.94 -/87.01 0.529 0.775 - -/86.22 -/86.29
CRNetb [51] 0.712 0.797 47.4 -/86.4 -/86.4 0.541 0.771 53.8 -/86.2 -/86.1
TMBLb [19] 0.867 0.762 36.3 81.78/83.84 82.41/84.29 0.545 0.766 52.4 84.23/85.84 84.87/85.92
AGS-SMoE 0.6990.809 46.06 86.01/87.6585.93/87.620.5170.780 55.87 85.34/86.5285.38/86.31

For the metrics ACC-2 and F1, the values positioned to the left side of the “/” symbolize the outcomes in a NN/N setting.
Conversely, the figures on the right side denote the results in a P/N setting. Metrics marked with an upward arrow ↑ signify
that higher values correspond to superior performance, whereas those marked with a downward arrow ↓ indicate that
lower values are indicative of better performance. The values that represented the SOTA before this are underlined, and the
current SOTA values are presented in bold.
a
Results are from [13].

b
Results are from corresponding original papers.

Table 2. The Comparative Outcomes between AGS-SMoE and
Other Baseline Models on CH-SIMS and UR-FUNNY

Model CH-SIMS UR-FUNNY
MAE↓ ACC-2↑ F1↑ ACC-5↑ ACC-2↑

TFNa [64] 0.432 78.38 78.62 39.30 68.57
LMFa [33] 0.441 77.77 77.88 40.53 67.53
MulTa [53] 0.453 78.56 79.66 37.94 70.55
MISAa [15] - - - - 70.61

Self-MMa [63] 0.425 80.04 80.44 41.53 -
TETFNa [56] 0.420 81.18 80.24 41.79 -
TGMNb [35] - 81.18 81.43 - -
CRNetb [51] 0.416 80.7 80.7 - -
AGS-SMoE 0.412 84.28 84.24 43.76 72.13

The marks in the table are consistent with those in Table 1.
 a
Results are from [37] and its corresponding GitHub page.

 b
Results are from corresponding original papers.

5.5 Performance Results
The comparative results of AGS-SMoE with other baseline models on the CMU-MOSI and CMU-
MOSEI datasets are illustrated in Table 1. Additionally, the comparative results on the CH-SIMS and
UR-FUNNY datasets are presented in Table 2. The experimental results concerning the multimodal
competition issue are depicted in Figure 6. AGS-SMoE has achieved SOTA status in nearly all of
the measured metrics.
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Fig. 6. The comparison results with multimodal methods that focus on multimodal competition issues.

On the CMU-MOSI dataset, AGS-SMoE achieves SOTA results in all metrics except for the ACC-7
metric. Specifically, the ACC-2 and F1-score improve by nearly 2% under the NN/N setting and 0.6%
under the P/N setting. There are also improvements in regression accuracy metrics such as MAE
and Corr. The experiments demonstrate that even without employing complex training processes
like contrastive learning or other auxiliary tasks, we can alleviate the modality competition and
enhance the model performance through gradient scaling and MoEs.

On the CMU-MOSEI dataset, AGS-SMoE achieves SOTA results across all metrics, with im-
provements of 0.5–1% in ACC-2 and 0.3% in F1 accuracy, and also showed significant improve-
ments in regression accuracy. Notably, AGS-SMoE achieved a 1.63% improvement in fine-grained
classification ACC-7 compared to the previous SOTA. The baselines are often affected by modal
competition, making it difficult to leverage the advantages of multimodal. These results demonstrate
that AGS-SMoE can handle modality competition in more complex scenarios and improve the
model performance.

On the CH-SIMS and UR-FUNNY datasets, AGS-SMoE achieves SOTA results across all metrics.
Notably, AGS-SMoE achieved improvements of 3.1% in ACC-2 and 2.81% in F1 compared to the
previous best values and improved ACC-5 by 1.97% on CH-SIMS. Furthermore, AGS-SMoE achieved
an improvement of 0.45% in ACC-2 on UR-FUNNY. These results validate the general applicability
of AGS-SMoE across different scenarios and language environments.

When focusing on the issue of multimodal competition, AGS-SMoE can also achieve the optimal
values among comparable methods. Specifically, compared to the previous best ACC-3 scores,
AGS has improved by 3.1% on CMU-MOSI, 4.6% on CMU-MOSEI, and 0.2% on CH-SIMS. The
experimental results confirm that our proposed AGS method can more adaptively adjust gradients
to mitigate the modal competition issue compared to other methods. This demonstrates that it is
feasible to assess the modal preemption state in the dynamic training process by evaluating the
contribution of modal pairs to the fusion result.

Our proposed AGS-SMoE achieves SOTA results across four public datasets and outperforms
baselines on the multimodal competition problem, demonstrating that our method can alleviate
modality competition, promote modal fusion, and improve model performance.

5.6 Ablation Study
We conduct ablation studies on the MoE module (the top part of Table 3) and the gradient scaling
(the bottom part of Table 3) separately to verify their roles in MSA. The results are listed in Table 3.

The Effect of the Sparse MoE Module (the Top Part of Table 3). To validate the role of the MoE mod-
ule, we individually replaced the text-audio branch (denoted as w/o taMoE), the text-video branch
(denoted as w/o tvMoE), and all branches (denoted as allMoE) with the traditional transformer to
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Table 3. The Ablation Results on the CMU-MOSI and CMU-MOSEI Datasets

Models CMU-MOSI CMU-MOSEI
MAE↓ Corr↑ACC-7↑ ACC-2↑ F1↑ MAE↓ Corr↑ACC-7↑ ACC-2↑ F1↑

AGS-SMoE 0.699 0.809 46.06 86.01/87.65 85.93/87.62 0.517 0.780 55.87 85.34/86.52 85.38/86.31
w/o taMoE 0.714 0.800 45.48 84.26/86.59 84.13/86.53 0.522 0.776 54.53 84.48/85.86 84.56/85.64
w/o tvMoE 0.700 0.800 47.23 84.55/86.59 84.36/86.47 0.524 0.776 54.45 84.80/85.88 84.81/85.63
w/o allMoE 0.717 0.800 45.91 84.26/86.13 84.21/86.13 0.536 0.766 54.07 84.31/85.66 84.38/85.44
w/o GradC 0.697 0.803 47.08 84.55/86.13 84.49/86.11 0.532 0.761 54.23 84.16/85.91 84.19/85.63
w/o GradE 0.693 0.808 48.10 84.69/87.03 84.48/86.91 0.531 0.775 54.36 84.55/86.30 84.72/86.17
w/o Grad0 0.689 0.807 46.79 84.40/86.89 84.22/86.79 0.531 0.777 54.26 84.33/85.99 84.47/85.82
w/o GradBC0641 0.705 0.805 46.64 83.38/85.06 83.35/85.07 0.529 0.767 54.13 83.86/85.66 84.08/85.55
w/o GradBC0642 0.702 0.804 45.62 84.55/86.28 84.45/86.24 0.536 0.763 54.28 84.22/85.66 84.30/85.44
w/o Grad0;; 0.722 0.799 45.34 83.97/85.82 83.84/85.75 0.532 0.762 54.97 83.11/84.89 83.15/84.58

The optimal values are marked in bold.

observe the differences in their effects. We find that the MoE module plays a significant role in
the performance on both datasets and removing any branch will lead to a decrease in accuracy.
On the CMU-MOSI dataset, removing the taMoE branch results in a greater loss of accuracy than
removing the tvMoE branch, while there is no significant difference on the CMU-MOSEI dataset.
This may imply that text and audio are more likely to compete on CMU-MOSI, requiring appropri-
ate sparsity to alleviate their competitive relationship. Removing all MoE branches results in the
worst performance on both datasets, confirming that using the MoE module in fusion can alleviate
modality competition and improve model accuracy.

The Effect of the Gradient Scaling Operations (the Bottom Part of Table 3). To validate the role of
gradient scalings, we individually removed the audio modality grad scaling (denoted as Grad0),
visual modality grad scaling (denoted as GradE), text modality grad scaling (denoted as GradC ), all
unimodal grad scalings (denoted as GradBC0641), all bimodal grad scalings (denoted as GradBC0642),
and all grad scalings (denoted as Grad0;; ), and observed the differences in their effects. By comparing
the gradient scalings of single modalities, we find that removing the gradient scaling for text leads
to the greatest decrease in accuracy, suggesting that text has a higher probability of suppressing the
learning of other unimodal encoders. Furthermore, we find that, compared to the visual modality,
the audio modality has a greater tendency to suppress other modalities, which may be because the
audio modality contains more sentimental information [11, 46]. In addition, we find that removing
the gradient scaling of any modality results in a performance decrease, indicating that due to data
distribution and the dynamic learning process, there is mutual competition and suppression among
different modalities. This also confirms that gradient scaling is an effective means to alleviate
modality competition. When all single-modality gradient scalings are removed, the accuracy drops
the most significantly. Lastly, we find that modality competition exists in modality fusion at different
stages, and gradient scaling at different stages is very necessary for improving model accuracy,
which also verifies our previous conjecture. The gradient scaling at the first level can be more
effective compared to the gradient scaling at the second level.

Through ablation experiments, we confirm that the various components in our proposed AGS-
SMoE can effectively alleviate modality competition, promote modality fusion, and enhance the
model performance across different datasets.

5.7 Sensitivity andQuantitative Analysis
In this section, we conduct a sensitivity analysis on hyperparameters, a quantitative plug-in strategy
analysis, and a quantitative analysis of different gradient scaling strategies.
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Table 4. Sensitive Analysis of U

U
CMU-MOSI CMU-MOSEI

MAE↓ ACC-2↑ MAE↓ ACC-2↑
0.001 0.701 84.55/86.59 0.521 83.86/86.41
0.005 0.692 84.26/86.28 0.528 83.22/85.94
0.01 0.699 86.01/87.65 0.524 84.59/86.74
0.05 0.694 84.69/86.28 0.517 85.34/86.52
0.1 0.696 84.84/86.59 0.527 84.20/86.10

The optimal values are highlighted in bold.

Table 5. Sensitive Analysis of V

V
CMU-MOSI CMU-MOSEI

MAE↓ ACC-2↑ MAE↓ ACC-2↑
0.001 0.717 84.26/86.59 0.521 83.86/86.41
0.005 0.717 84.69/86.42 0.517 85.34/86.52
0.01 0.699 86.01/87.65 0.528 84.83/85.80
0.05 0.732 84.99/87.04 0.529 85.30/86.32
0.1 0.707 84.99/86.13 0.536 84.12/86.41

The optimal values are highlighted in bold.

Table 6. Sensitive Analysis of the Number of
Experts in MoE

Experts
CMU-MOSI CMU-MOSEI

MAE↓ ACC-2↑ MAE↓ ACC-2↑
3 0.699 86.01/87.65 0.517 85.34/86.52
4 0.729 85.42/87.04 0.524 84.42/86.53
5 0.696 84.84/86.59 0.529 85.30/86.32

The optimal values are highlighted in bold.

Table 7. Sensitive Analysis of End Epoch

End epoch
CMU-MOSI CMU-MOSEI

MAE↓ ACC-2↑ MAE↓ ACC-2↑
2 0.696 84.84/86.59 0.517 85.34/86.52
4 0.697 84.69/86.74 0.530 85.62/86.42
6 0.699 86.01/87.65 0.524 84.42/86.53
8 0.697 84.69/86.74 0.521 83.86/86.41

The optimal values are highlighted in bold.

Sensitivity Analysis on the U and V . In addition, we conduct sensitivity tests on the hyperparame-
ters U and V , which control the intensity of gradient scaling in the unimodal and bimodal process,
respectively. The results are shown in Tables 4 and 5. We find that on the CMU-MOSI dataset, the
optimal combination of U and V is 0.005 and 0.5, while on the CMU-MOSEI it is 0.01 and 0.005. This
indicates that the modal competition issue is prevalent at different fusion stages across different
datasets, and the intensity of modal competition also varies. This also confirms that an appropriate
intensity of gradient scaling is beneficial in alleviating modal competition.

Sensitivity Analysis on the Number of Experts. We first conduct a sensitivity analysis on the
number of experts in ′ MoE, and the results are shown in Table 6. We find that the optimal number
of experts is 3. When the number of experts increases, the model does not adapt to complex datasets
as expected but encounters difficulties during the optimization process, which may be due to the
larger parameter space of the model. When we set top-2 gate activation, the probability of each
expert receiving a reduced number of tokens also leads to some experts being underfitted. The
experimental results indicate that an appropriate number of experts can sparsify modal fusion,
while too many experts can hinder model optimization and reduce accuracy.

Sensitivity Analysis on the End Epoch. We conduct a sensitivity test on the end epoch for gradient
scaling, with the results shown in Table 7. To alleviate the issue of modal competition, we have
introduced gradient scaling, but this has made the model’s optimization perpetually suboptimal.
Therefore, we need to stop the gradient scaling at an appropriate epoch, allowing the model to
overcome the modal competition early in training and gradually converge to the global optimum.
We also observe that the optimal end epoch differs due to varying convergence conditions on
different datasets. On the CMU-MOSI dataset, the optimal end epoch is 6, while on the CMU-MOSEI
dataset, it is 2.

Analysis on the Plug-and-Play Capability of AGS. To verify that our proposed gradient scaling
strategy can be flexibly and seamlessly integrated into other models, we have combined our gradient
scaling strategy with three open source MSA models (MISA [15], Self-MM [63], and MMIM [13])
and conducted relevant experiments on the CMU-MOSI and CMU-MOSEI datasets as listed in
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Table 8. The Plug-In Strategy of AGS and Average Training Duration (Seconds) across Five Random
Seeds

Models
CMU-MOSI CMU-MOSEI

ACC-2↑ F1↑ Time (seconds) ACC-2↑ F1↑ Time (seconds)

MISA 80.79/82.10 80.77/82.03 413.25 82.59/84.23 82.67/83.97 1,339.98
+AGS(Ours) 83.67/85.52 83.59/85.49 423.59 83.99/85.61 84.07/85.37 1,365.62
Δ��( ↑2.88/↑3.42 ↑2.82/↑3.46 10.34 ↑1.40/↑1.38 ↑1.40/↑1.40 25.64

Self-MM 82.54/84.77 82.68/84.91 285.13 82.68/84.96 82.95/84.93 1,132.78
+AGS(Ours) 85.28/87.35 85.15/87.28 293.70 84.67/86.02 84.75/85.82 1,154.63
Δ��( ↑2.74/↑2.58 ↑2.47/↑2.37 8.57 ↑1.99/↑1.06 ↑1.80/↑0.89 21.85

MMIM 84.14/86.06 84.00/85.98 605.38 82.24/85.97 82.66/85.94 2,159.03
+AGS(Ours) 85.28/86.89 85.25/86.90 614.18 84.14/86.38 84.27/86.18 2,187.94
Δ��( ↑1.14/↑0.83 ↑1.25/↑0.92 9.80 ↑1.90/↑0.41 ↑1.61/↑0.24 28.91

The values obtained by employing the AGS method based on the baselines (MISA, Self-MM, MMIM) are marked
in bold, and the improvement values are marked in blue font.

Fig. 7. Comparison of different gradient scaling strategies on four datasets.

Table 8. The AGS we proposed significantly enhances the performance of existing methods on MSA
tasks and is adept at adapting to multitask-guided multimodal learning. Experimental results have
shown that the AGS is a flexible plug-and-play module that can adapt to various fusion methods
and models. It is worth noting that the training duration does indeed show a slight increase, which
is consistent with the theoretical analysis in Section 4.3. However, in practical comparisons with
the baseline model, the slowdown is negligible.

Analysis of the Different Gradient Scaling Strategies. We compare the performance of different
gradient scaling strategies on four datasets (the F1-score under P/N settings for CMU-MOSI, CMU-
MOSEI, and CH-SIMS, ACC-2 for UR-FUNNY) as shown in Figure 7. “Max” indicates that we
only adjust the gradients for the encoder corresponding to the maximum gradient norm, while
“Average” indicates that we adjust the gradients by comparing the mean gradient norms among
the three modalities, as described in Section 4.2.2. We find that the Max gradient scaling strategy
performed better than the Average gradient scaling strategy on the CMU-MOSEI dataset, while the
Average gradient scaling strategy outperformed the Max gradient scaling strategy on the CMU-
MOSI and CH-SIMS datasets, and there was no significant difference between the two gradient
scaling strategies on UR-FUNNY. These two strategies correspond to different assumptions and
should be tailored according to the dataset.
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Fig. 8. The t-SNE visualization analysis results of the outputs from different encoders at various fusion stages
on the CMU-MOSEI test set. Even columns use the AGS method, odd columns do not.

5.8 Visualization
To further investigate the role of AGS at different fusion stages and in different encoders, we
visualized the result of AGS-SMoE and its variant (without AGS) on the CMU-MOSEI dataset using
t-Distributed Stochastic Neighbor Embedding (t-SNE) [54] as shown in Figure 8.

In unimodal feature extraction (Stage 1), by comparing Figure 8(a) and (b), Figure 8(c) and (d),
and Figure 8(e) and (f), it can be observed that without the use of gradient scaling strategies, the
representation learning of both the audio and visual modalities is poor, as they are dominated by the
textual modality. After employing the gradient scaling strategy, the distinctiveness of all modalities
in the feature space has been enhanced. Even though the text modality plays a dominant role in the
vast majority of cases and is only suppressed in a few iterations, our gradient scaling strategy can
still promote the learning of text representations. This confirms that the gradient scaling strategy
can enhance the learning of representations for all single modalities. In multimodal fusion (Stage 2),
by comparing Figure 8(g) and (h), Figure 8(i) and (j), because the information of the text modality is
integrated, the output results of text-audio and text-vision have both been significantly enhanced.
However, without using AGS, the decision boundary for sentiment remains unclear. Using gradient
scaling in stage 2 can also promote the representation of the fused modalities. In addition, by
comparing Figure 8(k) and (l), we find that the final tri-modal representation (Stage 3) has also
been optimized, showing a more distinct sentimental differentiation. In summary, compared to the
baseline without AGS, the method using AGS has clearer decision boundaries, improved feature
alignment and fusion result, and more structured trimodal representation. Our proposed AGS can
alleviate the modal competition issues and promote the representation learning of different stages.
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6 Conclusion
In this article, we propose an effective learning method called AGS-SMoE to alleviate the problem
of modal competition. The core of AGS-SMoE is modal preemption state estimation and adaptive
gradient scaling. AGS-SMoE achieved the best results on the four datasets in MSA. In addition,
AGS-SMoE significantly enhances representation learning at different fusion stages using a
parameter-free approach. We hope that this work will provide a fresh perspective on modal
competition and inspire better multimodal model designs. The limitation of our method is that it
may slightly slow down the training of the model. Future work can focus on directly integrating
multimodal balancing mechanisms into the fusion module without any additional guidance.
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