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Abstract

Multimodal Sentiment Analysis aims to inte-
grate information from various modalities to
make complementary predictions. However,
it often struggles with irrelevant or mislead-
ing visual and auditory information. Most
existing approaches treat entire modality as
an independent unit for feature enhancement
or denoising, which often suppresses redun-
dant noise at the cost of weakening critical
information. To address this challenge, we
propose MoLAN, a unified ModaLity-aware
noise dynAmic editiNg framework. Specifi-
cally, MoLAN performs modality-aware block
partitioning by dividing the features of each
modality into multiple blocks. Each block is
then dynamically assigned a distinct denoising
strength based on its noise level and semantic
relevance, enabling fine-grained noise suppres-
sion while preserving essential multimodal in-
formation. Notably, MoLAN is a unified and
flexible framework that can be seamlessly inte-
grated into a wide range of multimodal models.
Building upon this framework, we further intro-
duce MoLAN+, a new multimodal sentiment
analysis approach. Experiments across five
models and four datasets demonstrate the broad
effectiveness of the MoLAN framework. Exten-
sive evaluations show that MoLAN+ achieves
the state-of-the-art performance. The code
is publicly available at https://github.com/
betterfly123/MoLAN-Framework.

1 Introduction

Multimodal Sentiment Analysis (MSA) aims to
integrate information from various modalities to
achieve a more comprehensive and accurate un-
derstanding of the emotions (Zadeh et al., 2018b;
Tsai et al., 2019a). MSA holds significant aca-
demic value in advancing multimodal learning, and
offers broad industrial applications in areas such

*Corresponding author.

④

Why does everyone keep fixating on that? (Negative)

③

Speaker face (Negative) (label)

Chatting in background (Positive)

Listener face (Neutral)

Speaker utterance (Negative) (label)

Background laughter (Positive)

Waiter service (Positive)

Strong Noise

Noisy Level

Noisy Level

① ② ③ ④

① ② ③ ④

②

③

③

③

③ ③ ③ ②

③ ③④

①② ②

③

③

③ ③ ③ ②

③ ③④

①② ②

③

③

③ ③ ③ ②

③ ③④

①② ②

①②③ ④④

①

①

Weak Noise

Figure 1: Distribution of noise. Lighter colors in the
region mean more noise and less useful information.

as human-computer interaction and mental health
monitoring (Zhu et al., 2025; Singh et al., 2024).

Existing MSA methods leverage multimodal
synergy to achieve impressive improvements (Wu
et al., 2024; Li and Liu, 2025; Zhang et al., 2026),
but in real-world, noise interferes with representa-
tion learning and leads to performance degradation
(Li and Li, 2025; Liu, 2024). To deal with multiple
noise patterns, early solutions train individual mod-
els from scratch for each noise type (Yuan et al.,
2021) or design a unified model to perceive noise
adaptively (Zeng et al., 2022c). However, noise
sources differ substantially across modalities, mak-
ing cross-modality noise transfer prone to failure.
Accordingly, researchers design pattern specific
denoising methods (Yuan et al., 2024), yet they
operate at the whole modality. Moreover, noise
intensity varies across regions within the modality,
so holistic denoising often suppresses noise at the
cost of losing essential information.

As shown in Figure 1, the intensity of this noise
varies across different regions. Specifically, back-
ground smiles that contradict Ross’s emotional
state constitute strong noise in the visual modality,
while the remaining background mostly represents
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weak noise. In the audio modality, segments such
as laughter that conflict with the sentiment label
also form strong noise. The inconsistency of the
noise distribution highlights the importance of fine-
grained denoising. Therefore, the challenge of this
paper is how to perform fine-grained noise dynamic
editing on different modalities, so as to remove
noise information while retaining information that
is beneficial to MSA.

To address these issues, we propose MoLAN, a
unified ModaLity-aware noise dynAmic editiNg
framework. To achieve dynamic fine-grained de-
noising, MoLAN employs a block partitioning strat-
egy that divides each modality into different sub-
blocks. In each block, the denoising strength is
dynamically computed based on the noise level of
the block. This approach allows the model to ap-
ply varying degrees of denoising across different
blocks, thereby enhancing its ability of selective
noise editing while preserving essential informa-
tion in each modality. In addition, considering the
heterogeneity between different modalities (Fan
et al., 2024; Wei et al., 2023), we design differenti-
ated block partitioning strategies for each modality.
Combining our experimental results and follow-
ing the conclusions of previous studies (Li and Li,
2025; Zhang et al., 2023; Lin and Hu, 2022), we
choose text modality as the main basis to calculate
the denoising strength. Furthermore, MoLAN is a
unified framework that can be flexibly integrated
into different MSA models and Multimodal Large
Language Models (MLLMs), thereby raising the
upper limit of model performance. Based on the
MoLAN, we propose MoLAN+, which uses de-
noised information to update the cross-attention be-
tween modalities and guide the model to focus on
important information for MSA. MoLAN+ further
introduces denoising-driven contrastive learning
to encourage the model to generate higher quality
features, improving the performance of MSA task.
The key contributions are as follows:
• To address the noise, we propose MoLAN, a

unified ModaLity-aware noise dynAmic editiNg
framework. It performs modality-aware block
partitioning by dividing modality into multiple
blocks. Each block is dynamically assigned a
distinct denoising strength, enabling fine-grained
noise editing. Additionally, MoLAN can be flex-
ibly integrated into various models.

• Based on the denoising framework, we further
introduce the noise suppression cross-attention
mechanism and denoising-driven contrastive

learning, and design an MSA method MoLAN+.
MoLAN+ suppresses noise and guides the model
to generate higher quality features.

• We conduct experiments on seven models and
four datasets to demonstrate the broad effective-
ness of the MoLAN framework. Additionally,
extensive evaluations on four benchmark multi-
modal datasets show that MoLAN+ achieves the
state-of-the-art performance.

2 Related Work

2.1 Multimodal Sentiment Analysis (MSA)

As a fundamental task in multimodal affective com-
puting (Zhang et al., 2024; Cheng et al., 2024),
MSA leverages multimodal signals to understand
emotions. Early studies mainly adopt fusion meth-
ods such as TFN (Zadeh et al., 2017) and LMF
(Liu and Shen, 2018) to obtain joint representations.
Subsequently, Transformer encoder architectures
(Vaswani et al., 2017) and cross-modal attention
become mainstream. For example, MulT (Tsai
et al., 2019a) uses cross-modal attention to align
and fuse modalities, and related work (Zhou et al.,
2025; Wu et al., 2024; Guo et al., 2024) further
explores more effective alignment strategies. More
recently, knowledge is also incorporated. KuDA
(Feng et al., 2024) leverages affective knowledge
to dynamically select the dominant modality and
adjust modality contributions, while KEBR (Zhu
et al., 2024) injects non-verbal information from
videos into textual semantics to enhance represen-
tations. Despite continuous progress in alignment
and fusion, the impact of modality noise is often
overlooked, which limits model performance. This
work focuses on noise across modalities and per-
forms noise editing to improve MSA.

2.2 Multimodal Sentiment Analysis Denoising

Recently, noise in MSA attracts increasing atten-
tion. t-HNE (Li and Li, 2025) removes visual and
audio noise via text guidance and attention mech-
anisms. Meta-NA (Zeng et al., 2022c) simulates
noise tasks through meta-learning to improve ro-
bustness. JOSFD (Jiang et al., 2024) introduces
fuzzy logic into multimodal fusion and decision-
making to model emotion uncertainty. Missing
modality is also regarded as a type of noise. EMMR
(Zeng et al., 2022b) reconstructs semantic fea-
tures of key missing modalities, TATE (Zeng et al.,
2022a) uses tags to guide the model to focus on
missing information, IASE (Shi et al., 2024) ag-
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Figure 2: An illustration of MoLAN framework and MoLAN+ method. The purple box above represents the
MoLAN framework, and the below represents the entire process of the MoLAN+ method. The MoLAN framework
shown above provides a detailed description of the MoLAN block presented in MoLAN+ method.

gregates data with a bipartite-graph formulation to
reduce the impact of missing modalities, UMDF
(Li et al., 2024b) learns strong representations via
a unified self-distillation mechanism, and Prompts
are also used for missing modalities (Guo et al.,
2024). Unfortunately, existing works adopt too
coarse processing granularity in the process of
noise removal. This defect may cause excessive
denoising and loss of essential information, or may
lead to incomplete noise removal. In contrast, our
work performs fine-grained noise dynamic editing
on modality features, ensuring that essential infor-
mation is preserved while denoising.

3 MoLAN Framework

As shown in the purple box in the upper part of
Figure 2, the MoLAN framework consists of two
components: modality-aware block partitioning
and noise dynamic editing. The pilot study is pro-
vided in Appendix A.

3.1 Modality-Aware Block Partitioning

Since the distribution of noise is uneven, we in-
troduce a block-level mechanism to enable fine-
grained control over the denoising range. Through
block partitioning, the minimum unit of the de-
noising operation shifts from the entire modal-
ity feature to a feature block, thereby achieving

more precise denoising. Considering the differ-
ences between modalities, visual information usu-
ally presents in regional forms, which is suitable
for two-dimensional block partitioning. In con-
trast, audio information appears as continuous seg-
ments, so one-dimensional block partitioning is
more effective. Feature representation of modali-
ties as Xf ∈ Rbs×mf×nf , f ∈ t, a, v. Here, mf

and nf denote the sequence length and hidden size
of modality f , respectively.

Pblock =

{
(k∗v , j

∗
v), if f = v

(j∗a), if f = a
(1)

where Pblock is the optimal block partitioning pa-
rameter, it represents the size of the block. bs is
batch size. We use two-dimensional block partition-
ing as an example to illustrate the block partitioning
process. (k∗v , j

∗
v) is calculated as:

(k∗v , j
∗
v) =

argmin
(kv ,jv)∈Dmv×Dnv

∥∥∥∥
kv√
mv

− 1

∥∥∥∥
2

2

+

∥∥∥∥
jv√
nv

− 1

∥∥∥∥
2

2

(2)
where Dm and Dn represent the sets of factors kv
and jv of mv and nv, respectively. The ∥ · ∥22 rep-
resents the square of the L2 norm. Using the factor
closest to the square root as the basis for block par-
titioning can achieve balanced segmentation: it can
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avoid information loss or noise residue caused by
too large blocks, and semantic loss caused by too
small blocks. The modality feature Xv is reshaped
according to the block partitioning parameters, and
each sub-block is defined as:

Bv
pq = Xv [(p− 1)k∗v , (q − 1)j∗v ] ,

∀ p ∈
[
1,
mv

k∗v

]
, q ∈

[
1,
nv
j∗v

] (3)

whereBv
pq ∈ Rbs×k∗v×j∗v . p and q index the row and

column positions of the sub-blocks. We conduct
ablation studies to explain the choice of the block
partitioning factor.

3.2 Noise Dynamic Editing
We first dynamically compute the adaptive denois-
ing strength of each sub-block Bv

pq and then edit
its noise accordingly. The denoising strength is
calculated as follows:

σ(Bv
pq, X

t) =
⟨Φ(Bv

pq),Ψ(Xt)⟩
∥Φ(Bv

pq)∥2 · ∥Ψ(Xt)∥2
(4)

where Xt denotes the text vector. Φ and Ψ are
tensor reshaping mapping functions, which can be
written as Φ(o) = Ψ(o) = reshape(o), where o
denotes the feature tensor. These mapping func-
tions alleviate the dimensional mismatch across
modalities. In addition, we constrain the denoising
strength σ to the non negative range [0, 1], so nega-
tive values are not allowed during denoising. This
avoids sign flipping that may reverse the editing
direction and thus ensures the stability of the edit-
ing process. Based on this strength, we perform
dynamic editing. The denoising operation for each
sub-block Bv

pq can be represented as:

B̃v
pq = σ(Bv

pq, X
t) ·Bv

pq (5)

The denoised feature is obtained by recombining
all blocks:

Xv
d = R({B̃v

pq}P,Qp=1,q=1) (6)

where Xv
d ∈ Rbs×mv×nv . R is the block re-

assembly operator. P,Q is total block numbers.
P = mv/k

∗
v , Q = nv/j

∗
v .

4 MoLAN+ Methodology

As shown in Figure 2, we propose the MoLAN+

method built upon MoLAN framework. The
MoLAN+ method consists of three components:

the MoLAN framework, noise-suppressed cross at-
tention, and denoising-driven contrastive learning.
The detailed introduction of each module can be
found in following subsections.

4.1 Problem Definition
In MSA task, the input signal consists of text(t),
visual(v) and audio(a) modalities. The feature
representation of these modalities can be denoted
as Xf ∈ Rbs×mf×nf , f ∈ t, a, v. The prediction
is the sentiment score ŷ, which is a value.

To ensure a fair comparison, we use the same fea-
ture encoder as previous work (Tsai et al., 2019a;
Wu et al., 2024; Sun and Tian, 2025a). After encod-
ing, we feed the modality features into the MoLAN
to obtain the denoised features:

Xv
d , X

a
d =MoLAN(Xt, Xv, Xa) (7)

4.2 Noise-Suppressed Cross Attention
In the green module below of Figure 2, to further
enhance noise suppression, we update the atten-
tion mechanism based on the denoising strength
calculation information. Take visual modality as
an example:

Mv
pq = Γθ(σ(B

v
pq, X

t)) ∈ {0, 1} (8)

Γθ(σ(B
v
pq, X

t)) = I(σ(Bv
pq, X

t) ≥ θ)⊙Jpq (9)

where I(·) is the indicator function. Jpq is an all-
ones matrix. θ ∈ [0, 1] is the fixed similarity thresh-
old. We aggregate the sub-blocks together to con-
struct the mask matrix.

M̃v = R({Mv
pq}P,Qp=1,q=1) (10)

where R is the block reassembly operator that
joins the sub-blocks according to their original po-
sitions. The mask matrix derived from the MoLAN
is combined to calculate the cross-modality atten-
tion score to reduce the impact of noise.

X
fq
c = ΩInter-M(X

fq
d , X

fkv
d , M̃fq) (11)

ΩInter-M(X
fq
d , X

fkv
d , M̃fq) =

expi[X
fq
d X

fkv
d

T · (
√
d)−1 + M̃

mq
]Xfkv

d

∑
expj [X

fq
d X

fkv
d

T · (
√
d)−1 + M̃mq]

(12)
where fq, fkv ∈ {t, a, v}. fq represents the query
source modality of the current modality, and fkv
represents the modality that provides key/value
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pairs. M̃mq denotes the attention mask correspond-
ing to the mq modality. i and j denote the row
and column position indices of the attention matrix,
respectively. The text attention mask matrix is gen-
erated by the encoder. Xfq

c represents the feature
after the attention mechanism.

4.3 Denoising-Driven Contrastive Learning
As shown in the light gray below of Figure 2, to
enhance the encoder’s capability in distinguishing
noise, we introduce a noise-driven contrastive learn-
ing loss. We perform contrastive learning between
the denoised modal features and their correspond-
ing original features. By minimizing the distance
between positive pairs and maximizing the differ-
ences with other samples, the model is encouraged
to learn more discriminative denoised representa-
tions. The contrastive learning loss function can be
formulated as follows:

Lcontrast =

− E log


 exp (ϕ(Xv

d , X
v)/τ)

∑N
j=1 exp

(
ϕ(Xv

d , X
v
j )/τ

)




− E log


 exp (ψ(Xa

d , X
a)/τ)

∑N
j=1 exp

(
ψ(Xa

d , X
a
j )/τ

)




(13)

where ϕ and ψ denote similarity measurement func-
tions, with cosine similarity adopted in this work. τ
is a temperature parameter that controls the smooth-
ness of the distribution. During training, this mod-
ule guides the encoder to focus on distinguishing
modal noise, thereby improving the overall denois-
ing quality and the effectiveness of fusion.

4.4 Sentiment Prediction
By introducing a cross-attention mechanism, infor-
mation from different modalities is effectively in-
teracted and integrated, enabling the initial fusion
of multimodal features. Subsequently, the inter-
acted representations are fed into a self-attention
mechanism to further model the deep intra-modal
dependencies. Finally, the information from differ-
ent modalities is consolidated into a unified repre-
sentation, which is used for the sentiment analysis.

Xf
s = SelfAttn(Xf

c , M̃f ) (14)

ŷ = MLPθFC

(
Ffuse

(
Cat

(
Xt

s, X
a
s , X

v
s

)))
(15)

where θFC denotes the parameters of the fully con-
nected network. Ffuse denotes linear layer, and ŷ is

the predicted sentiment value. The overall training
of the MoLAN+ is performed by minimizing the
following loss:

L = Ltask + Lv
contrast + La

contrast (16)

where Ltask involves regression and classification
tasks. For regression tasks, we adopt the L1 loss,
following prior works (Mai et al., 2023, 2020),
which measures the absolute difference. For clas-
sification tasks, the standard cross-entropy loss is
employed to optimize the model. The loss of the
predicted value ŷ and the ground truth y is:

Ltask =





Lreg = 1
N

N∑
i=1

|yi − ŷi| (Reg.)

Lcla =
1
N

N∑
i=1

−yi log(ŷi) (Cls.)

(17)
where N is the number of the samples. The model
is trained based on the overall loss function.

5 Experiments

5.1 Datasets and Baselines
We use CMU-MOSI (Zadeh et al., 2016), CMU-
MOSEI (Zadeh et al., 2018a), CH-SIMS (Yu et al.,
2020), and IEMOCAP (Busso et al., 2008).
Framework: We compare our method with MulT
(Tsai et al., 2019a), SPECTRA (Yu et al., 2023),
KuDA (Feng et al., 2024), SFTTR (Sun and Tian,
2025b), MMML (Wu et al., 2024), as well as
MLLM-based baselines LLaVA-NeXT (Li et al.,
2024a) and Qwen2.5-VL (Bai et al., 2025).
Models: We further benchmark against represen-
tative MSA methods, including TFN (Zadeh et al.,
2017), LMF (Liu et al., 2018), MFM (Tsai et al.,
2019b), Self-MM (Yu et al., 2021), UniMSE (Hu
et al., 2022b), CHFN (Guo et al., 2022), ALMT
(Zhang et al., 2023), EMT (Sun et al., 2023),
GLoMo (Zhuang et al., 2024), JOSFD (Jiang et al.,
2024), t-HNE (Li and Li, 2025), and MMML (Wu
et al., 2024). More details are in Appendix B.

5.2 Framework Overall Analysis
This section provides an overall analysis of the pro-
posed framework to assess its performance across
different evaluation dimensions. We first examine
the framework’s effectiveness in enhancing MSA,
followed by an analysis of its universality ability.
Framework effectiveness. We validate the pro-
posed MoLAN framework on four standard MSA
datasets, using five representative MSA models and
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Acc2 F1 Acc7 MAE↓ Corr Acc2 F1 Acc7 MAE↓ Corr
MulT 75.93/77.94 75.68/77.69 35.78 0.9494 65.91 77.69/79.19 77.99/79.60 48.65 0.6299 65.33

+MoLAN 78.85/81.04 77.97/80.57 36.71 0.9140 68.56 78.50/81.19 78.32/81.16 49.52 0.6195 66.44
SPECTRA 84.12/86.33 83.96/86.04 47.12 0.7941 75.69 83.11/85.34 82.16/85.71 51.37 0.5849 74.19

+MoLAN 85.13/86.79 84.53/86.69 48.27 0.7848 76.41 84.36/85.79 83.56/86.60 52.69 0.5641 75.14
KuDA 84.00/85.92 83.78/86.06 46.54 0.7110 78.35 82.95/86.14 82.61/86.24 51.54 0.5335 76.71

+MoLAN 85.92/87.31 86.05/88.12 48.23 0.7011 80.15 84.55/87.35 84.2/88.00 53.33 0.5127 78.84
SFTTR 81.73/83.15 82.54/84.05 45.95 0.7137 78.99 82.17/85.27 82.79/85.64 53.12 0.5395 76.33

+MoLAN 83.65/85.62 84.04/86.25 47.17 0.6894 80.15 83.11/86.24 83.54/86.63 54.29 0.5197 78.36
MMML 86.91/88.92 86.92/88.97 49.71 0.5820 87.05 86.43/87.96 86.45/87.76 53.39 0.5224 81.39

+MoLAN 87.72/89.30 87.69/89.33 50.61 0.5827 87.46 86.85/88.10 86.53/87.88 55.11 0.5145 81.66
LLaVA-NeXT§ 79.49/81.24 79.02/80.54 43.17 0.8236 70.68 78.93/79.68 78.44/79.35 47.65 0.6077 70.00

+MoLAN 80.48/83.14 80.97/82.05 44.60 0.8019 71.99 80.11/81.24 79.86/81.02 50.29 0.5869 72.53
Qwen2.5-VL§ 87.03/89.01 87.01/88.69 50.04 0.6306 86.39 86.73/87.45 86.70/86.98 54.06 0.5610 79.98

+MoLAN 87.80/89.44 87.69/88.95 50.61 0.6074 87.00 87.09/87.87 87.00/87.49 56.02 0.5195 81.78

Model
CMU-MOSI CMU-MOSEI

Table 1: The performance of the MoLAN framework on the MOSI and MOSEI. The baseline results in the
experiment are obtained through replication. Two evaluation metrics, ACC and F1, are adopted, specifically
ACC2Has0 / ACC2Non0 and F1Has0 / F1Non0. § denotes fine-tuning with LoRA. We perform significance testing
on seven experimental groups, with p-value of 5.33× 10−5, 1.43× 10−6, 4.87× 10−10, 2.68× 10−6, 2.16× 10−3,
2.45× 10−5, and 2.66× 10−6, all of which < 0.05 indicate significant differences.

ACC2 F1 Weighted-F1 Macro-F1
MulT 68.49 55.68 65.07 65.38

+MoLAN 69.24 58.37 66.35 66.37
SPECTRA 77.12 77.06 63.21 63.54

+MoLAN 78.05 78.00 64.33 64.36
KuDA 78.54 78.41 64.00 63.86

+MoLAN 80.23 80.12 65.27 64.92
SFTTR 79.22 79.20 64.05 61.54

+MoLAN 80.96 80.39 65.61 62.94
MMML 79.39 79.50 64.29 62.86

+MoLAN 81.36 81.14 67.35 66.53
LLaVA-NeXT§ 76.64 76.02 64.61 62.19

+MoLAN 77.93 77.11 65.87 65.08
Qwen2.5-VL§ 80.22 79.87 66.28 65.72

+MoLAN 81.56 80.99 67.59 67.26

CH-SIMS IEMOCAP
Model

Table 2: The performance of the MoLAN framework
on the SIMS and IEMOCAP. § denotes fine-tuning with
LoRA. Significance testing in Appendix C.

two MLLMs. Detailed experimental results are
shown in Table 1 and Table 2. Five MSA models
all show dramatically performance improvements
after integrating the MoLAN framework. This
trend demonstrates that MoLAN can be universally
applied across diverse model architectures, effec-
tively improving the quality of multimodal feature
fusion. This further demonstrates that MoLAN,
through fine-grained noise editing of modality in-
formation, can suppress irrelevant noise while re-
taining key information, thereby strengthening se-
mantic alignment and collaborative representation
across modalities. It is worth noting that even the
current SOTA, MMML, achieves further improve-
ment after integrating MoLAN. This observation
indicates that existing methods still have limita-
tions in modality denoising, and that MoLAN helps
overcome these performance bottlenecks. Further-

Figure 3: Pixel-level heatmap. Color intensity indicates
the magnitude of the pixel value, with brighter areas
representing stronger image information.

more, experiments on MLLMs further validate the
framework’s effectiveness. Both LLaVA-NeXT
and Qwen2.5-VL exhibit consistent performance
improvements after integrating MoLAN. Result
demonstrates that MoLAN is not only applicable
to traditional MSA models but also seamlessly in-
tegrates with mainstream MLLM architectures.
Framework universality. Experimental results
show that whether MoLAN is integrated into dedi-
cated MSA models or deployed on MLLMs, it con-
sistently exhibits significant performance improve-
ments. This consistent trend verifies the strong
universality capability of MoLAN, indicating that
it effectively adapts to different architectures, task
settings, and data distributions. Overall, the results
suggest that MoLAN serves as a general enhance-
ment module for MSA tasks, providing a reliable
solution for multimodal representation learning.

5.3 Effectiveness of Dynamic Strategy
The superior performance of the framework demon-
strates the effectiveness of our proposed noise dy-
namic editing. Next, we illustrate the key role
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ACC2 F1 ACC7 MAE↓ Corr ACC2 F1 ACC7 MAE↓ Corr
TFN         -/80.80          -/80.70 34.90 0.9010 69.80         -/82.50         -/82.10 50.20 0.5930 67.70
LMF         -/82.50          -/82.40 33.20 0.9170 69.50         -/82.00         -/82.10 48.00 0.6230 70.00
MFM         -/81.70         -/81.60 35.40 0.8770 70.60         -/84.40         -/84.30 51.30 0.5680 70.30
MulT 75.93/77.94 75.68/77.69 35.78 0.9494 65.91 77.99/79.60 77.99/79.60 48.65 0.6299 65.33
Self-MM 84.00/84.42 85.98/85.95 - 0.7130 79.80 82.81/82.53 85.17/85.30 - 0.5300 76.50
UniMSE 85.85/86.90 85.83/86.42 48.68 0.6910 80.90 85.86/87.50 85.79/87.46 54.39 0.5230 77.30
CHFN 84.30/86.40 84.20/86.20 48.60 0.6890 80.90 83.70/86.20 83.90/86.10 54.30 0.5250 77.80
SPECTRA 84.12/86.33 83.96/86.04 47.12 0.7941 75.69 83.11/85.34 82.16/85.71 51.37 0.5849 74.19
ALMT 84.55/86.43 84.57/86.47 49.42 0.6830 80.50 84.78/86.79 85.19/86.86 54.28 0.5260 77.90
EMT 83.30/85.00 83.20/85.00 47.40 0.7050 79.80 83.40/86.00 83.70/86.00 54.50 0.5270 77.40
GLoMo 84.10/86.70 83.90/86.60 48.30 0.7180 78.20 83.70/86.50 84.00/86.40 55.00 0.5390 77.10
MMML◊ 86.91/88.92 86.92/88.97 49.71 0.5820 87.05 86.43/87.96 86.45/87.76 53.39 0.5224 81.39
JOSFD†         -/89.80         -/89.70 52.10 0.5790 87.40         -/87.90         -/87.90 51.80 0.5150 79.70
t-HNe† 85.02/87.03 84.98/87.01 47.04 0.6800 81.00 85.20/87.14 85.32/87.59 54.05 0.5200 78.90
LLaVA-NeXT§ 79.49/81.24 79.02/80.54 43.17 0.8236 70.68 78.93/79.68 78.44/79.35 47.65 0.6077 70.00
Qwen2.5-VL§ 87.03/89.01 87.01/88.69 50.04 0.6306 86.39 86.73/87.45 86.70/86.98 54.06 0.5610 79.98
MoLAN+ 88.02/89.94 87.96/89.90 52.30 0.5700 87.72 87.79/88.29 87.46/88.21 56.86 0.4909 82.02

CMU-MOSI CMU-MOSEI
Model

Table 3: The performance of the MoLAN+ on the MOSI and MOSEI. ♢ indicates our reproduced results. †
indicates MSA denoising method. § denotes fine-tuning with LoRA. We perform significance testing on MMML
and MoLAN+, with p-value of 7.52× 10−4 < 0.05 indicates significant differences. The best results are in bold.

ACC2 F1 Weighted-F1 Macro-F1
MulT◊ 68.49 55.68 65.07 65.38
SPECTRA◊ 77.12 77.06 63.21 63.54
KuDA◊ 78.54 78.41 64.00 63.86
SFTTR◊ 79.22 79.20 64.05 61.54
ALMT 81.19 81.57 - -
MMML◊ 79.39 79.50 64.29 62.86
LLaVA-NeXT§ 76.64 76.02 64.61 62.19
Qwen2.5-VL§ 80.22 79.87 66.28 65.72
MoLAN+ 82.24 81.63 68.79 67.69

CH-SIMS IEMOCAP
Model

Table 4: Performance of MoLAN+ on the SIMS and
IEMOCAP. Significance testing in Appendix C.

of noise dynamic editing from the perspectives of
visualization. Figure 3 shows the heatmap com-
parison between the original image and the image
processed by the MoLAN framework. It can be
clearly observed that the energy distribution of the
heatmap of the original image is uniform, and the
emotional information (the target person’s face and
hands) is not prominent enough due to the noise
in the background area. After the noise dynamic
editing of the MoLAN framework, the energy dis-
tribution of the heatmap on the right changes signif-
icantly. For the background noise area, the overall
energy level is reduced, effectively suppressing the
noise. In contrast, energy levels in areas such as the
face remain high, forming clear highlights. This is
because these brighter regions correspond to visual
information that is more relevant to the current sen-
timent analysis, and are therefore assigned higher
attention weights by the model. Meanwhile, the
denoising strength is computed at the block level,

which enables the model to distinguish local key
information from noise more precisely. As a result,
adjacent blocks may receive different scores, lead-
ing to noticeable value changes at block boundaries.
Such local block-wise discontinuity is a natural
consequence of block-level modeling, and further
demonstrates that our method can suppress noise
while preserving essential information in a fine
grained manner.

5.4 MoLAN+ Experiments
We conduct a comprehensive evaluation of
MoLAN+ on four datasets. As presented in Table 3
and Table 4, MoLAN+ consistently achieves SOTA
performance across all datasets, surpassing both
existing baseline models and recent MLLM-based
approaches. This superior performance demon-
strates that the noise-suppression cross attention
and noise-driven contrastive learning modules ef-
fectively enhance the model’s discriminative ca-
pability and semantic alignment across modalities.
By emphasizing emotion-relevant multimodal rep-
resentations during feature extraction, the model
is able to mitigate the influence of noisy infor-
mation and maintain stable performance across
diverse conditions. Moreover, when compared
with the framework experiments, we observe that
although other models benefit from the integra-
tion of the MoLAN framework, their results still
fall short of the overall performance achieved by
MoLAN+. These findings suggest a strong synergy
between noise-suppression cross attention, noise-
driven contrastive learning, and the MoLAN frame-
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ACC2 F1 Corr ACC2 F1 Corr
MulT 77.94 77.69 65.91 79.19 79.60 65.33
MulT+MoLAN 81.04 80.57 68.56 81.19 81.16 66.44

w/o DE 78.25 78.20 66.49 79.29 79.93 65.47
w/o MoLAN(v) 78.91 78.56 67.19 80.32 80.25 65.98
w/o MoLAN(a) 79.15 78.95 67.95 80.65 80.76 66.10

w/o MB 78.65 78.43 66.97 79.82 79.73 65.61
v(2D), a(2D) 79.48 79.68 68.19 80.20 80.59 66.04
v(1D), a(2D) 78.17 78.02 66.57 79.41 79.69 65.63

MoLAN+ 89.94 89.90 87.72 88.29 88.21 82.02
w/o NC 89.69 89.68 87.59 88.16 87.96 81.85
w/o DC 89.74 89.71 87.64 88.20 88.01 81.88

CMU-MOSI CMU-MOSEI
Model

Table 5: Ablation studies.

work, jointly contributing to the superior adaptabil-
ity and effectiveness of MoLAN+ in MSA tasks.

We conduct a comparison between MoLAN+

and two representative denoising-based MSA mod-
els, JOSFD and t-HNE. The significance tests yield
p-values of 0.01 and 4.85×10−5, both of which are
far below the 0.05 threshold, indicating that the per-
formance improvement achieved by MoLAN+ is
statistically significant. This result suggests that tra-
ditional denoising strategies often over-filter mul-
timodality signals, inadvertently removing criti-
cal semantic information and thereby degrading
model performance. In contrast, MoLAN+ em-
ploys a noise dynamic editing mechanism that se-
lectively suppresses irrelevant noise while preserv-
ing emotion-relevant features, leading to higher
accuracy across multiple datasets.

5.5 Ablation Study

As shown in the upper part of Table 5, we first con-
duct ablation experiments on two parts of MoLAN.
Effectiveness of noise dynamic editing. We ap-
ply a uniform denoising strength to the modality
information. Experimental results (w/o DE) show
that the model performance degrades after remov-
ing dynamic editing. This indicates that uniform
denoising strength cannot handle the differences
in noise levels between different regions. Such
denoising may result in insufficient denoising in
high-noise areas, while low-noise areas may lose
valuable information due to over-denoising. The
experimental results further verify the necessity of
dynamic editing, which adaptively adjusts denois-
ing strength based on local noise characteristics to
achieve a better balance between noise suppression
and information preservation.

We independently apply the denoising frame-
work to the visual modality (MoLAN(v)) and the
audio modality (MoLAN(a)). The results show that
although the single-modality denoising does not
reach the performance level of joint multimodal
denoising, it still achieves a significant improve-

ment compared with the model without the denois-
ing framework. This finding indicates that the de-
noising mechanism also plays a positive role in
single-modality denoising, while the collaborative
removal during joint multimodal denoising further
enhances the overall performance.
Effectiveness of modality-aware block partition-
ing. We conduct an ablation study on the modality-
aware block partitioning strategy to examine its
effectiveness. Specifically, we first apply a uni-
form one-dimensional block partitioning to all
modalities (w/o MB), and then a uniform two-
dimensional block partitioning to both the visual
and audio modalities (v(2D), a(2D)). The results
show a noticeable decline in performance, indi-
cating that the information distribution differs sig-
nificantly across modalities. These findings sug-
gest that only a targeted block partitioning strat-
egy can effectively localize and suppress modality-
specific noise. Furthermore, when we assign one-
dimensional block partitioning to the visual modal-
ity and two-dimensional block partitioning to the
audio modality (v(1D), a(2D)), the model perfor-
mance also decreases. This further verifies that the
adopted configuration, namely 2D block partition-
ing for visual and 1D block partitioning for audio,
better aligns with the properties of each modality
and thus enables more efficient denoising.

As shown in the lower part of Table 5, we per-
form ablation experiments for MoLAN+.
Effectiveness of noise-suppressed cross attention.
We remove the noise-suppression cross-attention
mechanism (w/o NC) to examine its effect. The
experimental results show a performance drop, in-
dicating that denoising information plays a crucial
role in cross-attention computation. Specifically,
when the mask matrix is removed, the model’s abil-
ity to perceive and suppress noise weakens, leading
to an overall decline in performance. These results
suggest that explicitly incorporating denoising in-
formation into the mask matrix effectively guides
the cross-attention mechanism to focus on informa-
tive regions, reduce noise interference, and enhance
the model’s noise resistance.
Effectiveness of denoising-driven contrastive
learning. We further remove the denoising-driven
contrastive learning module (w/o DC) to validate
its contribution. The results reveal a drop in perfor-
mance, suggesting that this module is essential for
learning stable and discriminative modality repre-
sentations. In particular, the contrastive objective
establishes a semantic constraint between denoised
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and original features, enabling the model to main-
tain both distinctiveness and consistency of feature
distributions under noisy conditions. Once this
mechanism is removed, such relational constraints
are weakened, making it difficult for the model to
separate noise from informative signals in the latent
space. Therefore, the denoising-driven contrastive
learning not only improves cross-modal alignment
but also enhances the model’s universality ability in
complex noisy environments. Additional analyses
and case studies in Appendix D and Appendix E.

6 Conclusion

We propose MoLAN, a unified modality-aware
noise dynamic editing framework that partitions
modalities into blocks and dynamically assigns de-
noising strength based on each block’s noise level
and semantic relevance. MoLAN is plug-and-play
and can be integrated into various MSA models
and MLLMs to improve performance. Built on
MoLAN, MoLAN+ further introduces noise sup-
pression cross-attention mechanism and denoising-
driven contrastive learning to emphasize essential
information. Extensive experiments demonstrate
the effectiveness of MoLAN and MoLAN+. Over-
all, our work provides a practical pathway for en-
hancing robustness in multimodal systems.

Limitations

Our current evaluation mainly covers several repre-
sentative MSA benchmarks to demonstrate the gen-
erality and integrability of MoLAN and MoLAN+.
However, we don’t yet conduct systematic eval-
uations under more challenging settings, such as
cross-domain generative tasks or more complex
real-world scenarios. In addition, performance may
depend on the quality of the guiding modalities.
When these modalities are biased, noise editing
may fail to provide stable and accurate regulation,
reducing performance. This challenge becomes
more pronounced in open environments with more
complex noise patterns, requiring stronger robust-
ness and adaptability. Therefore, comprehensive
experiments and analyses on these broader scenar-
ios remain to be further complemented.
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A Pilot Study

The initial modality feature embedding, serving as
the encoded representations of each modality, form
the foundation of MSA. However, existing studies
generally overlook the denoising of these encoded
features and fail to investigate the potential impact
of noise within the initial feature representations.
Noise within the initial features may interfere with
the accuracy of MSA and hinder the model’s abil-
ity to capture critical information. By enhancing
the quality of the initial features through effective
denoising, the overall performance of the model
can be further improved. Therefore, we design and
conduct a series of validation experiments to sys-
tematically analyze the presence and influence of
noise in the initial modality features.

CMU-MOSI CMU-MOSEI CMU-MOSI CMU-MOSEI
10% 77.89 79.36 88.56 88.03
20% 79.42↑ 79.27↓ 88.63↑ 86.96↓
30% 77.49↓ 79.44↑ 89.02↑ 87.89↑
40% 79.57↑ 80.10↑ 88.63↓ 87.84↓

Ratio MulT MMML

Table 6: Multimodal Noise. ↓ indicates a performance
drop compared to the previous row, while ↑ indicates an
improvement. The metric used is ACC2.

A.1 Random Masking Strategy
To investigate the impact of noise in the initial mul-
timodal feature representations, we design a ran-
dom masking strategy. Specifically, we randomly
mask a portion of the elements in the feature em-
beddings according to a predefined masking ratio.
In this way, we observe how the model performs
under conditions of partial information loss.

Mij =

{
0, if Rij < p

1, otherwise
Rij ∼ U(0, 1) (18)

F̃ = F⊙M (19)

where F denote the feature embedding matrix, and
M the corresponding mask matrix. Each element
Rij is a random number sampled from a uniform
distribution over the interval [0, 1]. The masking
ratio is defined by p ∈ [0, 1].

If the initial feature information contains little
noise, an intuitive inference is that the model perfor-
mance will degrade as the masking ratio increases.
Therefore, we gradually increase the masking ra-
tio and observe the trend in model performance,
thereby indirectly reflecting the level of potential
noise in the initial multimodal features.

Text Visual Audio Text Visual Audio
10% 75.16 79.07 79.57 79.95 79.39 79.03
20% 71.91↓ 80.16↑ 77.77↓ 75.06↓ 79.42↑ 79.13↑
30% 70.09↓ 80.06↓ 78.92↑ 73.62↓ 79.11↓ 79.17↑
40% 66.83↓ 79.41↓ 78.43↓ 73.46↓ 78.78↓ 77.98↓

Ratio CMU-MOSI CMU-MOSEI

Table 7: Unimodal Noise. Text, visual, and audio repre-
sent the modality being masked, while the other modal-
ity features remain unchanged.

A.2 Multimodal Noise

We first apply the random masking strategy to the
overall modality-level features and conduct experi-
ments on both the visual and audio modalities with
the same masking ratio. As shown in Table 6, the
results show that the model performance improves
as the masking ratio increases. This phenomenon
indicates that the removed portions of the features
may contain more noise than useful information.
Therefore, eliminating these noisy components al-
lows the model to focus on more critical repre-
sentations, leading to better performance. These
findings provide preliminary evidence that a consid-
erable amount of noise exists in the initial modality
features and that not all encoded information con-
tributes positively to the task. Consequently, ap-
plying an effective denoising strategy improves the
quality of modality representations and ultimately
enhances the overall performance of MSA task.

A.3 Unimodal Noise

To further investigate the impact of noise within
different modalities, we apply masking to each indi-
vidual modality separately. Using the MulT model
as the base framework, we impose varying levels of
masking on the text, audio, and visual modalities.
We observe how model performance changes as the
degree of masking increases for each single modal-
ity. This allows us to analyze the relative level of
noise in the initial features of each modality and its
effect on sentiment analysis.

As shown in Table 7, the audio and visual modal-
ities exhibit performance trends that differ from
those of the text modality. As the masking ratio
increases, the performance of the audio and visual
modalities shows fluctuating improvements. How-
ever, performance consistently declines in the text
modality. This observation suggests that the initial
text modality features are higher quality, containing
less noise. Therefore, the text modality can serve
as a reference standard. Moreover, the performance
improvements in the audio and visual modalities
are triggered at different masking ratios, further

24491



validating the different distribution of noise across
modalities. This observation suggests that the dif-
ferences in noise characteristics between different
modalities may lead to the loss of critical informa-
tion in some modalities when a unified denoising
strategy is applied to all modalities. Therefore, dif-
ferentiated denoising strategies should be adopted
for different modalities.

B More Details

B.1 Dataset and Metrics

These datasets encompass both Chinese and En-
glish corpora, incorporating text, audio, and visual
modalities across diverse contexts such as mono-
logues, dialogues, and film clips, with annotations
covering both discrete and continuous emotional di-
mensions. For the CMU-MOSI and CMU-MOSEI
datasets, we follow prior works (Wu et al., 2024;
Jiang et al., 2024; Zhuang et al., 2024) to evalu-
ate both regression and classification tasks. For
regression, we report the Mean Absolute Error
(MAE) and Correlation coefficient (Corr). For
classification, we calculate the Acc2 and F1 scores
for both the including zero sentiment scores as pos-
itive (ACC2Has0 / F1Has0) and the ignoring zero
sentiment scores (ACC2Non0 / F1Non0). Addition-
ally, we report ACC7. For the CH-SIMS dataset,
we adopt ACC2 and F1 scores as evaluation met-
rics for the classification task. For the IEMOCAP
dataset, we use Weighted-F1 and Macro-F1 scores
to assess the performance of the classification task.

B.2 Baselines

Framework: We select influential and repro-
ducible multimodal sentiment analysis models as
comparative baselines: MulT (Tsai et al., 2019a),
SPECTRA (Yu et al., 2023), KuDA (Feng et al.,
2024), SFTTR (Sun and Tian, 2025b), MMML
(Wu et al., 2024). These models cover different
research paradigms such as multimodal feature
alignment, cross-modality attention modeling, and
knowledge enhancement. With the rapid rise of
the Multimodal Large Language Model (MLLM),
unified understanding and reasoning across modal-
ities has become a key direction in multimodal
research. To verify the applicability and stability
of our framework within this new paradigm, we
further introduce LLaVA-NeXT(Li et al., 2024a)
and Qwen2.5-VL(Bai et al., 2025) as representa-
tive models for comparison, further comprehen-
sively examining the framework’s universality per-

formance.
Models: In addition to the baseline models used
in the framework experiments, we also compare
a series of representative approaches for MSA:
TFN (Zadeh et al., 2017): Models intra- and inter-
modality dynamics in an end-to-end manner. LMF
(Liu et al., 2018): Employs low-rank tensors for ef-
ficient multimodal fusion, reducing computational
complexity. MFM (Tsai et al., 2019b): Jointly op-
timizes generative and discriminative objectives on
multimodal data and labels. Self-MM (Yu et al.,
2021): Designs a self-supervised label generation
module to automatically obtain unimodal supervi-
sion signals. UniMSE (Hu et al., 2022b): Unifies
multimodal sentiment analysis and emotion recog-
nition tasks from multiple perspectives. CHFN
(Guo et al., 2022): Based on a Transformer archi-
tecture, it efficiently fuses unaligned multimodal
sequences. ALMT (Zhang et al., 2023): Intro-
duces an adaptive hyper-modality learning module
to suppress irrelevant or conflicting information
under the guidance of language. EMT (Sun et al.,
2023): Enhances model robustness in scenarios
with incomplete modalities while maintaining effi-
ciency and performance. GLoMo (Zhuang et al.,
2024): Integrates local representations from each
modality and combines them with global repre-
sentations to enhance expressive power. JOSFD
(Jiang et al., 2024): Incorporates fuzzy logic to
model both subjective and objective fuzziness in
sentiment information. t-HNE (Li and Li, 2025):
Text-guided hierarchical denoiser improves senti-
ment analysis performance via two-stage denoising
and contrastive learning mechanism. t-HNE is the
latest MSA denoising method. MMML is the cur-
rent SOTA MSA model.

B.3 Implementation Detail
All experiments are conducted using the PyTorch
framework on a hardware setup with 8 RTX A6000
GPUs. For the framework experiments, we strictly
follow the hyperparameter settings reported in the
original papers to ensure fair and consistent com-
parisons. In our methodological experiments, to en-
sure fair comparison, we maintain the same param-
eter size settings for our modality encoders as in
previous studies(Wu et al., 2024). Model is trained
using the AdamW optimizer to achieve stable and
efficient convergence performance. Specifically,
the learning rate is set to 5e-6 for the MOSI and
MOSEI datasets, 1e-5 for the CH-SIMS dataset,
and 2e-8 for the IEMOCAP dataset. In the frame-
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ACC2 F1 Corr ACC2 F1 Corr
MulT 77.94 77.69 65.91 79.19 79.60 65.33

Text guide 81.04 80.57 68.56 81.19 81.16 66.44
Visual guide 76.16 76.08 64.81 77.02 77.00 64.10
Audio guide 77.91 77.46 65.88 79.11 79.52 65.13

Model
CMU-MOSI CMU-MOSEI

Table 8: Ablation study of denoising strength computa-
tion guidance.

work experiments, we first fine-tune the MLLM
using LoRA(Hu et al., 2022a) on MSA datasets
to adapt it to the task characteristics and stabilize
model performance. We then integrate the fine-
tuned model into the proposed framework to verify
its effectiveness. In the method experiments, the
MLLM results report the performance of the model
after LoRA fine-tuning. To ensure the stability of
the experimental results, we fix the random seed to
1 and run each experiment five times independently,
reporting the average result.

C Significance Testing

For Table 2, we perform significance testing on
seven experimental groups, with p-value of 4.26×
10−2, 6.01 × 10−4, 2.95 × 10−3, 1.08 × 10−3,
1.19× 10−2, 4.28× 10−3, and 4.45× 10−3, all of
which < 0.05 indicate significant differences.

For Table 4, the significance testing on MMML
and MoLAN+, with p-value (0.01 < 0.05) indicat-
ing significant differences.

D More Experiments

D.1 Block Partitioning Strategy Selection
We adopt a block partitioning strategy based on
the factor closest to the square root of the feature
dimension, since not all feature dimensions are
perfect squares. This design ensures a more bal-
anced division of feature regions and avoids the
two extremes of excessively large or excessively
small blocks. Specifically, when the block is too
large, it tends to mix effective information with
noise within the same region, making it difficult for
the denoising strength to accurately distinguish be-
tween the two. This may result in incomplete noise
removal or excessive suppression of critical infor-
mation. In contrast, when the block is too small, it
over-segments semantic structures, weakens inter-
block correlations. By comparison, the close to
square root block partitioning strategy achieves a
better trade-off between signal–noise separation
and semantic integrity, allowing the denoising pro-
cess to retain critical information while removing
noise.
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Figure 4: Performance comparison under different simi-
larity thresholds θ. The four curves represent experimen-
tal results on CMU-MOSI, CMU-MOSEI, CH-SIMS,
and IEMOCAP datasets, respectively. The x-axis de-
notes the similarity threshold θ, and the y-axis indicates
the model performance.

As shown in Table 9, we design comparative ex-
periments with different block sizes for both visual
and audio modalities. The experimental results
show that, in both visual and audio feature process-
ing, excessively large or small block partitioning
lead to a decline in model performance. In contrast,
using the close to square root block partitioning
strategy achieves the best balance between critical
information preservation and noise suppression, al-
lowing the model to capture critical features more
effectively and maintain overall performance stabil-
ity. Overall, the proposed close to square root block
partitioning strategy aligns well with the character-
istics of each modality and lays a solid foundation
for subsequent denoising.

D.2 Similarity Threshold Analysis

To determine the optimal similarity threshold θ in
the noise-suppressed cross attention mechanism,
we conduct a series of comparative experiments
across four benchmark datasets, as shown in Fig-
ure 4. The threshold θ ∈ [0, 1] controls the activa-
tion of the denoising mask by determining which
sub-blocks are preserved or suppressed based on
similarity scores.

The experimental results demonstrate a consis-
tent trend across all datasets: as θ increases from
0.3 to 0.8, model performance initially improves
and then declines. A smaller θ (e.g., 0.3–0.4) al-
lows excessive noisy features to pass through, re-
sulting in incomplete denoising and suboptimal
performance. Conversely, an overly large θ (e.g.,
0.7–0.8) overly suppresses critical information,
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ACC2 F1 Corr ACC2 F1 Corr
Visual(50,2) 78.10 77.81 66.05 79.65 79.36 65.20
Visual(25,4) 80.15 79.68 67.12 80.61 80.45 66.28
Visual(20,4) 81.04 80.57 68.56 81.19 81.16 66.44
Visual(10,5) 78.84 78.09 66.40 79.84 79.72 65.87
Visual(5,10) 77.13 77.06 65.69 79.12 79.50 65.27

Audio(3) 79.34 79.19 67.12 80.16 80.09 65.69
Audio(5) 80.56 80.44 68.29 80.88 81.00 66.12

Audio(15) 81.04 80.57 68.56 81.19 81.16 66.44
Audio(75) 80.55 80.48 68.17 80.11 80.05 65.57

Audio(125) 78.06 77.95 66.12 79.39 79.37 65.34

Model
CMU-MOSI CMU-MOSEI

Table 9: Block Sizes Experiments.Take MulT+MoLAN
on the CMU-MOSI and CMU-MOSEI dataset as an
example.The audio feature dimension is [128, 375, 20],
and the visual feature dimension is [128, 500, 20].The
number after audio indicates the one-dimensional block
size (j), and the number after video indicates the two-
dimensional block size (k, j).

causing semantic loss and degraded performance.
The performance peaks at (θ = 0.5), where the
model achieves the best trade-off between noise
suppression and information preservation. There-
fore, we set θ = 0.5 as the default similarity thresh-
old in all experiments.

D.3 Denoising-Driven Contrastive Learning
Analysis

To further verify the effectiveness of denoising-
driven contrastive learning (DC) in modality de-
noising, we use two metrics in the field of con-
trastive learning: alignment and uniformity(Wang
and Isola, 2020). Alignment measures the average
distance between positive sample pairs in the em-
bedding space, reflecting the model’s ability to clus-
ter semantically similar samples. A smaller value
indicates tighter intra-class compactness. Unifor-
mity measures how evenly all samples are dis-
tributed on the unit hypersphere. A smaller value
implies larger inter-class separation and better dis-
crimination against noise.

As shown in Table 10, after incorporating DC,
the model achieves lower alignment on both CMU-
MOSI and CMU-MOSEI datasets, suggesting that
positive samples cluster more tightly in the embed-
ding space. Meanwhile, the uniformity score de-
creases significantly, indicating that negative sam-
ples become more separable and noise becomes
easier to distinguish. These results indicate that
DC effectively improves the model’s ability to dis-
tinguish critical information features from noisy
redundant features, enabling the MSA model to
learn purer modality representations.

Alignment↓ Uniformity↓ Alignment↓ Uniformity↓
w/o DC 0.9962 -0.5043 0.9993 -0.2674
with DC 0.9359 -2.2770 0.0198 -1.0030

Model CMU-MOSI CMU-MOSEI

Table 10: Ablation studies of Denoising-Driven Con-
trastive Learning. Alignment and Uniformity metrics
on CMU-MOSI and CMU-MOSEI datasets.

D.4 Denoising strength computation guidance
In our design, the denoising strength of each block
is determined based on the text modality. To val-
idate this choice, we conduct an ablation study
comparing different guiding modalities, as shown
in Table 8. The results show that using text as
the guidance yields the best performance on two
datasets. In contrast, using visual or audio features
as the guidance leads to a performance drop, indi-
cating that these modalities introduce more noise.
These findings are consistent with the results ob-
served in pilot study (Table 7), further confirming
that text-guided denoising offers more reliable rep-
resentations for MSA.

Negative Positivevs.

My family on the other side lives with
daily poverty and I'm lucky I grew up here. Are you pregnant? Who is the father ?

MMML t-HNE

Positive Negativevs.

Visual

Text

Audio

Prediction

Background applause others' laughterBackground applause others' laughter

Heatmap

vs. MoLAN+ MoLAN+vs.

Figure 5: Case Study. The blue area in the visual modal-
ity represents the target person. The red, green, and
blue colors in the audio modality represent the attention
distribution of MMML, t-HNE, and MoLAN+ on differ-
ent audio segments, respectively. The red boxes in the
audio mark the noisy segments. The heatmap shows the
model’s attention strength in different visual regions.

E Case Study

As shown in Figure 5, we present two represen-
tative case studies comparing MoLAN+ with the
original SOTA model MMML and the latest denois-
ing model t-HNE. In the left, we compare MoLAN+

with MMML. It can be observed that MMML pays
almost equal attention to different visual and au-
dio segments without effectively suppressing noise
interference. Consequently, the model fails to dis-
tinguish the emotionally relevant regions and mis-
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interprets the sentiment. In contrast, MoLAN+ fo-
cuses more accurately on the target speaker and
the emotionally relevant regions, leading to a cor-
rect sentiment analysis. In the right, we compare
MoLAN+ with t-HNE. Although t-HNE performs
denoising, it applies a uniform denoising inten-
sity across all modalities, which results in the loss
of critical information necessary for MSA. This
over-smoothing effect causes the model to generate
incorrect sentiment. Conversely, MoLAN+ adap-
tively balances noise suppression and information
retention through its dynamic noise-editing mecha-
nism, thereby capturing emotion-relevant cues and
achieving a more reliable analysis.
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