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UCMIB-PNS: Balancing Sufficiency and
Necessity With Probabilistic Causality

and Cross-Modal Uncertainty in
Multimodal Sentiment Analysis
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Xiaodi Huang , Senior Member, IEEE, and Xun Wang , Member, IEEE

Abstract—Multimodal sentiment analysis aims to accurately
identify sentiment orientations by integrating information from
multiple modalities such as text, audio, and video. However, a key
challenge in multimodal fusion is effectively balancing the suffi-
ciency and necessity of information across modalities. Traditional
models often fail to qualify and capture this balance due to the
presence of noise and redundant information in multimodal data,
leading to suboptimal performance in sentiment analysis. To ad-
dress this issue, we propose a novel multimodal sentiment analysis
method called UCMIB-PNS, which is guided by information bottle-
neck and probabilistic causality. The method employs an Uncertain
Cross-Modal Information Bottleneck (UCMIB) module to reduce
redundant information within modalities and maximize discrimi-
native information. The UCMIB utilizes codebooks to dynamically
record the distributions of samples and employs random sampling
to conduct uncertain modeling across different modalities. It inte-
grates uncertainty-aware contrastive learning and KL divergence
for dynamic comparison and compression of information from
different modalities. Moreover, UCMIB-PNS uses differentiable
Probability of Necessity and Sufficiency (PNS) estimators to es-
timate and re-weight the sufficiency and necessity of modalities by
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constructing several counterfactual scenarios through end-to-end
learning. Experiments conducted on four publicly available multi-
modal sentiment analysis datasets demonstrate that UCMIB-PNS
achieves optimal performance on both clean and noisy data. Ex-
tended experiments further validate the method’s robustness under
different types of noise.

Index Terms—Causal inference, information bottleneck, multi-
modal fusion, multimodal sentiment analysis.

I. INTRODUCTION

MULTIMODAL sentiment analysis (MSA) integrates text,
audio, and video frames to detect emotions, provid-

ing a more comprehensive and accurate understanding than
single-modality approaches. It has been widely applied in social
media monitoring, customer service, advertising evaluation, and
healthcare diagnostics [1], [2], [3], [4], [5], [6], [7]. Most MSA
research concentrated on the integration of different modalities.
In early work, tensor-based fusion techniques [8], [9], [10] were
employed to achieve interactions among different modalities.
To achieve more accurate sentiment insights, some studies em-
ployed cross-modal attention [11], [12], [13], [14], [15], [16],
[17], [18] or Transformer-based models [19], [20], [21], [22],
[23] to integrate different modalities, while others design self-
supervised learning methods [24], [25], [26] to reduce the gap
between modalities to facilitate modality alignment and fusion.

Although previous methods have achieved improvements in
accuracy, they are based on the maximization of likelihood.
Therefore, baselines tend to search for sufficient information
in different modalities to minimize the loss function while
neglecting necessary information. In MSA task, text is con-
sidered the dominant modality due to its rich semantics, while
vision and audio typically serve as auxiliary modalities [11],
[12], [13]. Thus, the information in text often exhibits higher
sufficiency compared to that in vision and audio. As shown in
Fig. 1, the sentiment can be discerned solely from the words
“too” and “good” without needing vision or audio (Sufficiency).
However, without the frowning expression and the disdainful
tone of voice, it is easy to misinterpret the emotion as positive,
which means that information from visual and audio aspects is
necessary (Necessity). Furthermore, certain information, such
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Fig. 1. Each modality contains distinct sentimental attributes, which encom-
pass varying degrees of sufficiency (SF) and necessity (NC). Our model can
accurately estimate the weights of sufficiency and necessity for different modal-
ities. For example, “Serious SF:0.24, NC:0.66” indicates the serious expression
has a sufficiency level of 0.24 and a necessity level of 0.66 for prediction. The text
modality, due to its rich semantics, has a high degree of sufficiency. In contrast,
other modalities contain a large amount of modality-specific information and
thus have a high degree of necessity.

as ambiguous visual cues and background noise, is neither
sufficient nor necessary and can adversely affect the model’s
predictions. Although many methods have been employed to
preserve modality-specific information [25], [26], [27], [28],
their model accuracy falls short of expectations due to the dif-
ficulty in balancing the sufficiency and necessity of multimodal
features.

To address the aforementioned issues, one primary question
is: Q1: Can we quantify the notions of sufficiency and necessity,
and reduce information that is redundant, being neither suffi-
cient nor necessary? The sufficiency refers to the ability of a
feature to independently support accurate predictions or con-
clusions without requiring additional information. In contrast,
necessity indicates that a feature is indispensable for achieving
accurate results, even though it may not be sufficient on its
own. Quantifying sufficiency and necessity in multimodal data
is challenging due to the complex multimodal context, noise,
and redundant information, which can obscure critical modality
contributions and distort quantifications. When we quantify the
sufficiency and necessity in multimodal data, it will provide
a more solid foundation for addressing the second question:
Q2: How can we balance sufficiency and necessity to achieve
more effective fusion? Balancing sufficiency and necessity for
effective fusion is challenging due to the dynamic interplay
between modalities, where optimizing one may compromise the
other. Besides, it is difficult to design models that can adaptively
prioritize modalities based on context without introducing bias
or information loss.

To address the two aforementioned problems, the basic idea
is to prioritize features that are either sufficient for prediction
on their own or necessary for the model’s accuracy, as they
cannot be omitted. This process is further refined by employing

estimators of probability necessity and sufficiency (PNS), which
re-weight different modalities to effectively select features that
exhibit a high causal impact on the outcome. In light of this, we
embrace the information bottleneck theory and causal inference
and propose the Uncertain Cross-Modal Information Bottleneck
and Probability of Necessity and Sufficiency (UCMIB-PNS)
guided MSA model, which reduces redundant information us-
ing cross-modal information bottoleneck and can perceive and
balance the sufficiency and necessity of different modalities
for multimodal sentiment analysis. To address Q1, we employ
the Uncertain Cross-Modal Information Bottleneck (UCMIB)
module to compress the multimodal representations, which re-
duces neither sufficient nor necessary information redundancy
while preserving sentimental cues to the greatest extent. To
enhance accuracy in noise perception, the UCMIB modules store
the distribution of negative samples in dynamically updated
codebooks and conduct contrastive learning based on uncer-
tainty modeling. Then, guided by a counterfactual framework,
we use causal inference to quantify the sufficiency and necessity
of different modalities for the prediction outcomes through the
probabilities of sufficient and necessary causes. To address Q2,
we then reassign the attentive weights of different modalities
according to the dynamic weights of sufficiency and necessity.
By accurately controlling and weighting the sufficiency and
necessity, the proposed UCMIB-PNS achieves the state-of-the-
art results on four publicly available MSA datasets. Moreover,
UCMIB-PNS demonstrates robustness against various noisy
scenarios compared to its counterparts. Overall, the contribu-
tions of this paper can be summarized as follows:
� We propose a novel fusion method, UCMIB-PNS, which

dynamically quantifies the sufficiency and necessity of
modalities during the fusion process, thereby obtaining
more useful modality representations.

� Based on the variational information bottleneck, we design
the UCMIB module. The UCMIB module effectively mit-
igates information redundancy during multimodal fusion.
Moreover, building on the counterfactual framework, we
have developed a PNS estimator to quantify sufficiency
and necessity. We also propose a reweighting method to
balance these measures across different modalities.

� Our proposed UCMIB-PNS achieves optimal metrics on
four publicly available datasets (CMU-MOSI [29], CMU-
MOSEI [30], UR-FUNNY [31], and CH-SIMS [32]).
Moreover, we have demonstrated that even under various
noisy conditions, the performance of UCMIB-PNS consis-
tently outperforms that of its counterparts.

II. RELATED WORK

In this section, we have meticulously organized the related
work of this paper, encompassing multimodal sentiment analy-
sis, information bottleneck theory, and causal inference.

A. Multimodal Sentiment Analysis

Multimodal sentiment analysis is a technique that detects and
interprets emotions by combining and analyzing information
from various modalities like text, voice, and facial expressions.
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Early multimodal sentiment analysis networks were based
on tensor fusion networks [8], [9], [10], which predominantly
employed tensor operations such as tensor concatenation, se-
quential processing, and low-rank fusion to integrate different
modalities. Driven by the development of attention mechanisms
and the widespread application of Transformers [33], Tsai et al.
introduced cross-modal attention [34] to enhance interaction
between different modalities. After that, more and more MSA
studies [11], [12], [13], [14], [15], [16], [17] have adopted
and refined cross-modal attention for the multimodal fusion.
Other studies utilized self-supervised methods and auxiliary
tasks [20], [24], [25], [26], [27], [35] to mitigate the gap between
modalities, thereby facilitating modality alignment and fusion.
Although they have achieved improvements in accuracy, their
reliance on the maximum likelihood of different modalities for
modality fusion overlooks the evaluation of the necessity of
modal information. On the one hand, this leads to the neglect of
modality-specific information, and on the other hand, it makes
the model more vulnerable to noise interference. Recent stud-
ies [36], [37], [38] have pointed out that traditional multimodal
methods are highly susceptible to noise and low-quality data,
significantly limiting the applicability of multimodal models.
Building upon prior work, this paper proposes a new modality
fusion mechanism designed to reduce information redundancy
while attempting to preserve discriminative features across
modalities.

B. Information Bottleneck

The information bottleneck aims to extract the most relevant
information from an input signal by balancing the trade-off
between compression (minimizing irrelevant details) and pre-
serving meaningful information. It focuses on retaining only
the essential features that are useful for prediction or decision-
making. The information bottleneck is widely applied in deep
learning [39], [40], such as in model interpretability [41], [42],
[43], [44], generalization [45], [46], [47] and compression [48],
[49], [50], etc. In multimodal scenarios, variational information
bottleneck (VIB) enhances modality alignment and fusion by
balancing shared and complementary information across modal-
ities, improving robustness to noise or missing data [51], [52].
Besides, VIB supports disentanglement of modality-invariant
and modality-specific features, enabling better interpretability
and generalization [37]. For example, Gao et al. [53] em-
ployed VIB to address redundancy issues in multimodal fusion,
thereby enhancing the performance of multimodal learning.
Cui et al. [54] utilized the information bottleneck to address the
issues of modality-noise and modality-gap in multimodal entity
and relation extraction. Inspired by their work, we design an
uncertainty-based cross-modal information bottleneck to maxi-
mize the retention of useful information while reducing neither
sufficient nor necessary information (noise), thereby optimizing
the representation learning of modalities.

C. Causal Inference

In recent years, the integration of causal inference and
deep learning has emerged as a promising research direction,

addressing the limitations of traditional deep learning models
that often rely solely on correlation rather than causation. This
fusion aims to enhance model interpretability, generalizability,
and robustness. Some work [55], [56], [57], [58] used front-
door or back-door adjustment to reduce the bias of the model
originating from the dataset and enhance the reliability of the
model. In addition, some work [59], [60], [61], [62] employed a
counterfactual framework to guide the model towards unbiased
outputs from the perspective of causal effect estimation. Causal
inference-based representation learning was widely used for
feature selection and invariant learning [63], [64], [65], [66].
Causal inference is an important tool for measuring feature
importance. Yang et al. [67] employed causal probability to
evaluate the importance of image features, addressing the out-
of-distribution generalization problem. Inspired by prior work,
we extend the probability of causality to the multimodal scenario
to dynamically assess the importance of different modalities,
thereby facilitating more reliable modality fusion.

III. METHODOLOGY

In this section, we first introduce the task definition of mul-
timodal sentiment analysis (MSA), the prerequisite knowledge,
and finally, the architecture of UCMIB-PNS.

A. Task Definition

Multimodal sentiment analysis is the task of determining the
sentiment score by integrating information from multiple modal-
ities, such as text, audio, and visual data. Given a multimodal
input sample indexed by i that consists of multiple modalities,
e.g., text It, audio Ia, and visual Iv , the goal of multimodal
sentiment analysis is to predict the sentiment label Yi. The task
can be formally defined as:

Yi = fθ
(
It ∈ Rlt×dt , Ia ∈ Rla×da , Iv ∈ Rlv×dv) , (1)

where fθ denotes the MSA model parameterized by θ. The
lengths of the text, audio, and visual data are denoted as lt,
la, and lv , respectively, while their corresponding dimensions
are dt, da, and dv .

B. Preliminaries and Causal Assumptions

1) Information Bottleneck: The core idea of the Information
Bottleneck (IB) is to balance the trade-off between compression
and prediction. Formally, given an input variableX and a target
variable Y , the IB method seeks to find a compressed represen-
tation Z of X that maximizes the mutual information between
Z and Y , while minimizing the mutual information between Z
and X . This trade-off is captured by maximizing the following
objective function: I(Z;Y )− βI(Z;X), where I(·; ·) denotes
mutual information, β is a Lagrange multiplier that controls the
trade-off between compression I(Z;X) and prediction I(Z;Y ).
Unlike the original IB, which relies on labeled targetsY to define
relevance, MIB leverages mutual information across views as a
supervision signal. This not only enables the removal of redun-
dant information and the retention of discriminative cross-modal
cues, but also reduces the dependence on labeled data, making it
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applicable to unsupervised or weakly supervised scenarios. Tak-
ing viewV1 as an example, letZ1 denote the latent representation
learned from V1, and let V2 represent the complementary view.
The objective is to learn Z1 such that it retains predictive cues
from V2 while minimizing redundant information specific to
V1. Simply maximizing I(V1;Z1) is not desirable, as it would
encourage Z1 to preserve all information from V1, including
view-specific details and noise that do not contribute to cross-
view prediction. To address this, I(V1;Z1) is decomposed into
two components: I(V1;Z1) = I(V1;Z1|V2) + I(V2;Z1). Here,
the first term I(V1;Z1|V2) represents the redundant information
that should be minimized, while the second term I(V2;Z1)
denotes the predictive information that needs to be maximized.
The optimization of view Z1 can be achieved by using a relaxed
Lagrangian objective:

max
Z1

I(V2;Z1)− β1I(V1;Z1|V2), (2)

where β1 is the trade-off parameter for V1. The essence of
multimodality lies in obtaining a comprehensive understanding
of content through perception from different views. Therefore,
we employ MIB to reduce neither sufficient nor necessary noise
across different modalities while maximizing the retention of
discriminative information.

2) Necessary and Sufficient Cause: To quantify the sufficient
and necessary information across different modalities, we intro-
duce the probabilities of causations from causal inference.

Definition 3.1. Probability of Necessity, PN [68]. Assume that
X and Y are binary variables within a causal model M . Let
x and y represent the propositions X = true and Y = true,
respectively, and let x′ and y′ denote their complements. PN is
defined as the expression:

PN � P (Yx′ = false | X = true, Y = true)

� P (y′x′ | x, y), (3)

where yx is a counterfactual notation, it indicates the potential
response of Y when X is forcibly set to x through an action
do(X = x) [69]. PN represents the probability that event y
would not have occurred if event x had not happened, given
that both x and y did in fact occur.

Definition 3.2. Probability of Sufficiency, PS [68]. In cor-
respondence with PN, PS provides the probability that setting
event x would result in producing event y in a situation where
both x and y are actually absent. The formula can be expressed
as:

PS � P (Yx = true | X = false, Y = false)

� P (yx | x′, y′), (4)

PS measures he capacity of x to produce y. The probability that
the actively triggering event X will induce the occurrence of
event Y , when conditioning on the absence of both events X
and Y .

Definition 3.3. Probability of Necessity and Sufficiency,
PNS [68]. Based on the definitions of PN and PS, we can derive
the probability of necessity and sufficiency:

PNS � P (yx, y
′
x′), (5)

PNS represents the likelihood that event y would be influenced
by x in both necessary and sufficient ways, thereby capturing the
dual aspects (necessity and sufficiency) of the event x in causing
event y.

Lemma 3.1. The three causal probabilities (PN, PS, and PNS)
satisfy the following equation, the detailed proof is provided in
Appendix B available online.

PNS = P (y′x′ , x, y) + P (yx, x
′, y′)

= P (x, y)PN + P (x′, y′)PS. (6)

C. Ucmib-Pns

Based on the aforementioned theories, we propose UCMIB-
PNS, the core idea of which is to first conduct unimodal ex-
traction, use modal fusion to construct two multimodal views,
and then use an Uncertain Cross-Modal Information Bot-
tleneck (UCMIB) module to compress different multimodal
views, remove multimodal noise, finally quantify and bal-
ance the sufficiency and necessity of different information
through a PNS estimator. The overall architecture is shown in
Fig. 2.

1) Unimodal Feature Extraction: Following [24], [26], we
employ the BERT-base model to encode textual content, use
the COVERAP [70] to encode audio features, and extract vi-
sual features using the Facet [71] toolkit. For audio and visual
modalities, to enrich their representational flexibilities, we uti-
lize a three-layer Transformer and a single-layer unidirectional
LSTM [72] to encode audio and visual content:

Ft = BERT (It),

Fm = LSTM(Transformer(Im)),m ∈ {a, v}, (7)

we denote the modality representations after unimodal feature
extraction as Fv , Ft, and Fa, respectively.

2) Multimodal Fusion: We adopt a text-modality-dominant
dual-branch design, driven by the well-recognized central role
of text in multimodal sentiment analysis. As the primary carrier
of sentiment expression, text typically conveys richer and more
explicit sentimental cues than other modalities, providing fine-
grained semantic information essential for accurate sentiment
interpretation [11], [12], [18], [62], [73], [74], [75]. From the
perspective of model learning efficiency and stability, pairwise
fusion methods that combine all modality pairs lead to an
exponential increase in the number of fusion branches as the
number of modalities grows, which significantly escalates com-
putational complexity and memory consumption. Moreover,
integrating noisy signals from less reliable modalities in multiple
pairwise combinations can amplify noise propagation across
branches, resulting in redundancy and instability during training.
By focusing on text-audio and text-vision branches separately,
our model limits this combinatorial explosion of fusion views,
thereby simplifying the fusion architecture. This design reduces
noise accumulation and mitigates overfitting risks, ultimately
improving convergence speed and robustness.

Authorized licensed use limited to: Zhejiang Normal University. Downloaded on May 24,2026 at 03:10:26 UTC from IEEE Xplore.  Restrictions apply. 



96 IEEE TRANSACTIONS ON AFFECTIVE COMPUTING, VOL. 17, NO. 1, JANUARY-MARCH 2026

Fig. 2. Pipeline of UCMIB-PNS. The pipeline mainly consists of four parts: unimodal feature extraction, multimodal fusion, cross-view information bottleneck,
and PNS balancing.

To integrate different modalities and obtain two comprehen-
sive views, we construct an L-layer Transformer with cross-
attention [34] for modality fusion:

ĥitm=MHA(LN(hi−1
tm ), LN(Fm))+LN(hi−1

tm ), m ∈{a, v},
hitm=FFN(LN(ĥitm)) + LN(ĥitm), m ∈ {a, v}, (8)

where ĥitm,hitm represent the intermediate fusion representation
and final fusion representation of modality m and modality t at
layer i, respectively. Note that h0tm = Ft. LN(·) denotes the
layer normalization [76] calculation, FFN(·) represents the
calculation of the feed-forward layer, and MHA(·, ·) denotes
the multi-head attention calculation where the first argument is
used as the query vector, and the second argument is used as both
the key and value vectors. This attention mechanism adopts a
text-query design: in each fusion layer, the text representation is
used as the query vector, while non-textual modalities (audio or
vision) serve as the key and value vectors [13], [18], [34], [75].
This setup allows the model to selectively attend to comple-
mentary cues from other modalities, because textual information
typically carries the most explicit and reliable sentiment signals,
whereas audio and visual cues provide auxiliary but less direct
affective evidence. Using text as the query ensures that the fused
representation remains anchored to textual semantics, while
incorporating keys and values from other modalities facilitates
the integration of additional sentiment-relevant information.
Furthermore, the inclusion of residual connections and layer

normalization mitigates the risk of gradual information dilution,
preserving the dominance of textual cues across layers. As the
representation evolves into higher-order cross-modal features,
using text as the query provides the most effective strategy for
final prediction. The output of the multimodal fusion stage con-
sists of two branches: the text-audio branch and the text-vision
branch, which are denoted as Fta = hLta and Ftv = hLtv , respec-
tively. In the next subsection, we will treat these two branches
as two views of sentiment for deeper multi-view information
processing.

3) Uncertain Cross-Modal Information Bottleneck: We per-
form multimodal fusion before applying noise reduction (via
UCMIB) to better capture and leverage cross-modal interactions.
This design also helps to preserve modality-specific information
and align with the information bottleneck principle. Reducing
noise first would risk losing valuable information, ignoring
cross-modal dependencies, and complicating the model design.
The fusion-first approach ensures that the model first integrates
complementary multimodal cues and then refines the resulting
representations to focus on task-relevant information, making it
more effective for sentiment analysis.

When fusing multimodal data, unnecessary noise and re-
dundant information can affect the quantification of modality
sufficiency and necessity, as well as the results of modality
fusion. To address the issue, we design the Uncertain Cross-
Modal Information Bottleneck (UCMIB) module, as shown
in Fig. 3.
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Fig. 3. The Uncertain Cross-modal Information Bottleneck module (UCMIB).
The UCMIB module treats the two bimodal representations as two views and
models them as multivariate Gaussian distributions. It uses symmetric KL
divergence to measure the distributional differences between these views and
employs uncertainty-aware contrastive learning (UACL) to maximize the mutual
information between different views while reducing redundant information. Two
queue-based codebooks are utilized to store the distributions of more negative
samples.

Inspired by (2), the objective of UCMIB is to optimize multi-
view learning using the multimodal information bottleneck with
the following loss function (The detailed derivation is provided
in Appendix A) available online:

LMIB(θ, ψ, β) = − I(Z1;Z2)

+ βDSKL (pθ(Z1|V1)‖pψ(Z2|V2)) , (9)

where I(Z1;Z2) denotes the mutual information between the
two latent representations Z1 and Z2, β is a hyperparameter,
DSKL denotes the symmetric Kullback-Leibler calculation,
pθ(Z1|V1) andpψ(Z2|V2) denote the conditional distributions of
the latent representationsZ1 andZ2 given the input viewsV1 and
V2, parameterized by θ and ψ, respectively. We use the output of
the text-audio branch V1 = Fta and the output of the text-vision
branch V2 = Ftv as the two input views for the UCMIB module.

Existing work [53] has pointed out that distributional rep-
resentations are conducive to capturing modality uncertainty,
and that such uncertainty has a significant effect on denoising.
Therefore, we employ Multi-Layer Perceptrons (MLPs) to map
each view into a multivariate Gaussian distribution:

μtm = fθm(Ftm), σtm = fψm(Ftm), (10)

where μtm and σtm denote the learned mean and covariance
of the multivariate Gaussian distribution using function fθm

and fψm . By using the re-parameterization [77] trick, we can
sample the views from the multivariate Gaussian distribution as
uncertain latent representations ˜Ftm, i.e. Z1 = F̃ta, Z2 = F̃tv:

˜Ftm = μtm + σtmε, ε ∼ N (0, I) . (11)

To optimize the first term in (9), we employ uncertainty-aware
contrastive learning (UACL) to reduce irrelevant information,
concentrating mutual information of Z1 and Z2 on what’s dis-
criminative for sentiment. Specifically, we perform reparame-
terization on the multivariate Gaussian distribution twice: one
serves as the query point ˜F qtm, i.e., the anchor point, and the

other serves as the key point ˜F ktm, i.e., the augmented point.

˜F qtm and ˜F ktm originate from the same posterior distribution
of the same modality pair, representing semantically equivalent
but stochastically perturbed views of the same sample. UACL
pulls these two points closer in the representation space to
maintain invariance under uncertainty perturbation. In contrast,
the anchor ˜F qtm and a negative sample ˜Fn−tm′ , which originates
from a different instance and belongs to another modality branch
(m′ �= m), encode distinct semantics and are therefore pushed
apart in the representation space.

Unlike traditional contrastive learning [13], [27] that searches
for negative samples within the batch, we construct a dynamic
codebook to store the means and variances of negative sam-
ples, thereby achieving a more comprehensive capability for
compressing redundant information and ensuring Z1 and Z2

stay aligned on sentiment cues. The codebook is built with two
goals: maintaining diversity and coverage of negative samples
and ensuring stability during updates. It is implemented as
a fixed-size queue with N embeddings, each initialized with
random Gaussian samples. After each iteration, the mean and
variance of the current batch are enqueued, while the oldest en-
tries are dequeued, maintaining a dynamic and memory-efficient
repository of negative sample distributions. For the next batch,
uncertain negative representations ˜Fn−tm are sampled from these
stored Gaussian distributions using re-parameterization ((11)).

To optimize the second term in (9), we employ the symmetric
KL divergence from different views of the same sample. Overall,
UCMIB uses the following loss function for optimization:

LUCMIB = −
m∈{a,v}∑

m

log
exp

(
˜F qtm · ˜F ktm/τ

)

∑
˜Fn−
tm∈ ˜Fn

tm
exp

(
˜F qtm · ˜Fn−tm /τ

)

+ β

m1,m2∈{a,v}∑
m1 �=m2

DSKL

(
˜F qtm1

‖ ˜F qtm2

)
, (12)

where τ is a temperature coefficient. Compared with traditional
contrastive learning, UCMIB not only maximizes the mutual
information but also captures the latent noise and uncertainty in
the modalities from the perspective of uncertainty. This lays
the foundation for the sufficiency and necessity of modality
information in the next subsection.

4) Probability of Necessity and Sufficiency Estimator: Once
we have removed the noise that is neither sufficient nor nec-
essary, we can further delve into the quantification of the
sufficiency and necessity of different modalities. We design
the Probability of Necessity and Sufficiency (PNS) estimator
module to quantify and adaptively balance the sufficient and
necessary information of different modalities. The architecture
of the PNS estimator is shown in Fig. 4.

Inspired by Lemma 3.1, we can estimate PNS through the sum
ofP (y′x′ , x, y) andP (yx, x′, y′). We define eventx as the feature
branch Ftm being involved in the fusion, and event y as the
model obtaining the correct result. Consequently, x′ represents
the featureFtm not being involved in the fusion, andy′ represents
the model not obtaining the correct output. However, the cal-
culation of P (y′x′ , x, y) and P (yx, x′, y′) intertwine the factual
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Fig. 4. Pipeline of PNS Estimator. The PNS estimator consists of four sub-
modules to estimate the PNS of Fta and Ftv , respectively. By creating factual
scenarios (denoted as y) and counterfactual scenarios (denoted as ŷta, ŷtv ,
ŷ), and restricting the absolute value threshold upper and lower bounds of
the output of these scenarios relative to the label y, how much each modality
contributes causally to the results are quantified. The final output is obtained
through weighted summation guided by PNS. If different branches share high
mutual information, PNS can accurately assess their necessity and sufficiency,
enabling balanced fusion.

and the counterfactual, in the real world, we can only observe
one potential outcome (i.e. Whether a modality participates in
fusion is a definitive binary choice in the neural network.). This
indicates the need to design parallel and independent modules
to simulate factual and counterfactual scenarios.

Taking the estimation of Ptm(y′x′ , x, y) as an example, its
meaning is the probability that the involvement of Ftm leads to
a correct output, and by forcibly setting Ftm not to participate,
the correct output cannot be achieved. Its connotation is closely
related to the definition of necessity. To determine whether
the correct output is achieved, for regression tasks, we set a
threshold φ between the predicted value and the ground truth.
If the difference is less than φ, it indicates that the prediction is
correct; otherwise, the prediction is incorrect. For classification
tasks, the correctness can be directly judged by whether the
predicted category matches the true category.

We denote the output of the full-modality fusion as ŷ, the
output using only the Ftm modality as ŷtm, the output without
using the Ftm modality as Ftm′ where m′ denotes the other
modality, and the ground truth as y. These outputs can be
obtained by applying MLPs to different views:

ŷta =MLP (Fta),

ŷtv =MLP (Ftv),

ŷ =MLP ([Fta;Ftv]), (13)

where [· · · ; · · · ] denotes the concatenation operation. Accord-
ing to the meaning of Ptm(y′x′ , x, y), it can be directly ob-
tained through the conjunction of |ŷ − y| < φ and |ŷtm′ − y| >
φ, where || denotes the absolute value calculation operation.
Similarly, in accordance with the semantics of sufficiency,
Ptm(yx, x

′, y′) represents the probability that the model outputs
incorrectly when all modalities, including Ftm, are absent, but
by only forcibly including Ftm, the prediction ŷ matches the
ground truth y. It can be obtained through the conjunction of
|ŷtm − y| < φ and |ŷ∗ − y| > φ, where ŷ∗ indicating that none

of modality is used for prediction, and we use a random guessing
scale ŷ∗ to simulate the model output.

To achieve a balanced model, it is crucial to avoid overem-
phasizing either sufficiency or necessity. Without balance, the
model might: 1) Overemphasize sufficiency: This can lead to
ignoring modalities that are less predictive in isolation but are
critical when combined with others. For example, audio features
that convey tone might be overlooked if the model only focuses
on highly predictive visual features. This imbalance can result
in incomplete or biased predictions. 2) Overemphasize neces-
sity: Focusing too much on noisy or unreliable modalities can
degrade the model’s performance. For instance, if the model
relies heavily on a modality that is prone to errors or incon-
sistencies, it may fail to capture the true underlying patterns
effectively. To address these issues, the fixed hyperparameterλ in
the WPNS

tm framework explicitly controls the trade-off between
necessity and sufficiency. This ensures that the model leverages
both aspects to produce robust and accurate predictions. For
the features Ftm, we use the hyperparameter λ to balance the
necessity and sufficiency. The weight WPNS

tm is calculated as
WPNS
tm = Ptm(y′x′ , x, y) + λPtm(yx, x

′, y′). The features are
weighted and summed based on PNS to serve as the module
output ŷpns:

ŷpns =MLP ([WPNS
ta Fta;W

PNS
tv Ftv]). (14)

This module involves two primary loss functions. To ensure
that different feature branches accurately estimate the model
output, task loss is employed to optimize each feature branch.
It is worth mentioning that the estimation of ŷ is also very
important. However, since it is essentially the task loss, we treat
it as a separate optimization objective for the entire network. To
guide the entire model training with PNS, the distance between
PNS output and the label should also be minimized, the overall
loss is:

LPNS =
∑

m∈{a,v}
Ltask(ŷtm, y) + Ltask(ŷpns, y), (15)

where Ltask represents the task loss. For regression tasks such
as multimodal sentiment analysis, it is the Mean Absolute Er-
ror (MAE). For classification tasks such as multimodal humor
detection, it is the cross-entropy loss.

5) Training: The loss function of UCMIB-PNS consists of
three parts: task loss, UCMIB module loss, and PNS estimator
loss. We use two hyperparameters η1 and η2 to balance the
different loss functions:

L = Ltask(ŷ, y) + η1LUCMIB + η2LPNS . (16)

The overall algorithmic procedure of UCMIB-PNS is detailed
in Appendix C available online.

IV. EXPERIMENTS

A. Dataset

We conduct experiments on four publicly available datasets
(CMU-MOSI [29], CMU-MOSEI [30], UR-FUNNY [31], CH-
SIMS [32]) to validate the effectiveness of our proposed method.
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CMU-MOSI. The CMU-MOSI is a multimodal sentiment
analysis dataset containing 2,199 short video clips extracted
from YouTube movie reviews. It includes 1,284 samples for
training, 229 for validation, and 686 for testing. The sentiment
labels are annotated on a scale, ranging from -3 (strongly nega-
tive) to +3 (strongly positive).

CMU-MOSEI. The CMU-MOSEI is an extension of CMU-
MOSI. This dataset includes 23,453 video clips from YouTube,
covering a broader range of topics. The dataset is divided into
16,326 samples for training, 1,871 samples for validation, and
4,658 samples for testing. Its annotation framework is com-
pletely consistent with the CMU-MOSI dataset.

UR-FUNNY. The UR-FUNNY dataset is designed for humor
detection, consisting of 9,588 video clips extracted from TED
Talks. The dataset is divided into 7,614 samples for training, 980
samples for validation, and 994 samples for testing. The binary
labels are provided for each clip, indicating whether the clip is
humorous or not.

CH-SIMS. The CH-SIMS is a Chinese multimodal sentiment
analysis dataset containing 2,281 video clips from movies,
TV shows, and variety programs. The dataset is divided into
1,366 samples for training, 457 samples for validation, and 458
samples for testing. Sentiment labels are annotated on a scale,
ranging from -1 (strongly negative) to +1 (strongly positive).

B. Evaluation Metrics

For CMU-MOSI and CMU-MOSEI, regression performance
is assessed using Mean Absolute Error (MAE) and Correlation
Coefficient (Corr). For binary sentiment classification, we eval-
uate results under two configurations: positive versus negative
(P/N) and non-negative versus negative (NN/N), utilizing ACC-
2 and F1-score. Furthermore, ACC-7 is employed to gauge the
precision of fine-grained sentiment classification across the full
spectrum from -3 to 3.

For UR-FUNNY, the evaluation metric is ACC-2 in this binary
task.

For CH-SIMS, regression accuracy is measured using Mean
Absolute Error (MAE). For binary classification, focusing on
distinguishing negative from non-negative (N/NN) sentiments,
we rely on ACC-2 and F1-score. Additionally, fine-grained
sentiment classification across the range of -1 to 1 is evaluated
using ACC-5.

C. Implement Details

Feature Extraction: To ensure a fair comparison, we adopt the
same feature extraction approach as HyCon [78], which is also
widely used by most baseline methods. Specifically, BERT [79]
serves as the text encoder. For the audio modality, spectral
features, speech polarity, and harmonic parameters are extracted
using COVERAP [70]. For the visual modality, Facet [71] is
employed to obtain action units, facial landmarks, and other
expression-related data.

Hyperparameter Settings: We utilize Adam as the optimizer
with a fixed learning rate of 1e-4, a batch size of 64, and
hyperparameters η1 and η2 set to 0.1 and 0.2, respectively. For

CMU-MOSI and CH-SIMS, the ratio α between the codebook
size and batch size is set to 2, i.e. the size of the codebook
N is 128. For UR-FUNNY and CMU-MOSEI, α is set to
3, corresponding to a codebook size N of 192. The balance
parameter λ for necessity and sufficiency is fixed at 1.2. The
threshold in PNS estimator φ is set to 1.0 for CMU-MOSI and
CMU-MOSEI, and 0.3 for CH-SIMS. All experiments in this
section are conducted on a single Tesla V100 GPU with 32GB of
memory. The results of the hyperparameter sensitivity analysis
are presented in Section IV-G.

D. Baselines

To demonstrate the effectiveness of our method for
modality fusion under complex conditions, we compare it
with existing MSA models including TFN [8], LMF [9],
MulT [34], MISA [25], Self-MM [26], MMIM [24], BBFN [14],
CENET [17], HyCon-BERT [78], FDMER [80], TETFN [12],
TGMN [74], CRNet [81], CET-M [82], TF-BERT [83],
FMFN [84], CMLG [85] on standard datasets. For some
widely used recently methods (Self-MM [26], MMIM [24],
CENET [17], TETFN [12]), we also evaluate their performance
under noisy conditions for a comprehensive comparison. The
complexity analysis of the model and baselines is provided in
Appendix I.

E. Performance Results

To demonstrate the superiority of UCMIB-PNS under dif-
ferent datasets and varying noise conditions, we conducted
comparative experiments with baselines on CMU-MOSI and
CMU-MOSEI. The results are shown in Table I. Besides, the ex-
perimental results on CH-SIMS and UR-FUNNY are presented
in Table II. Finally, to showcase the model’s capability under
visual noise conditions, we added noise to the visual modality
of CMU-MOSI and CMU-MOSEI, following the noise injection
method in [36]. The results are shown in Table III. In Appendix
D, we provide more comprehensive experiments under more
noise conditions.

On the CMU-MOSI dataset, we find that, except for ACC-
2 and the F1 score under the non-negative/negative (NN/N)
setting, UCMIB-PNS achieves the best performance across all
other metrics. Specifically, compared to the previous state-of-
the-art values, the UCMIB-PNS model has achieved a reduction
of 0.16 in MAE, an increase of 1.42% in ACC-7, and improve-
ments of approximately 1.1% in ACC-2 and F1 score under
the positive/negative (P/N) setting. These results confirm the
effectiveness of our proposed UCMIB-PNS approach, which
integrates modality sufficiency and necessity.

On the CMU-MOSEI, UCMIB-PNS can draw conclusions
similar to those on the CMU-MOSI dataset, achieving the best
performance across all metrics. Specifically, it increases the cor-
relation by 0.13, reduces the MAE by 0.10, and enhances ACC-7
by 0.93%. For ACC-2 and F1, it achieves approximately a 1.1%
improvement under the non-negative/negative (NN/N) setting
and about a 0.8% improvement under the positive/negative (P/N)
setting. These results demonstrate that the UCMIB-PNS method
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TABLE I
THE COMPARATIVE RESULTS OF UCMIB-PNS VERSUS OTHER BASELINES ON THE CMU-MOSI AND CMU-MOSEI DATASETS ARE AS FOLLOWS: FOR METRICS

ACC-2 AND F1, VALUES TO THE LEFT OF THE “/” SYMBOL REPRESENT PERFORMANCE IN THE NON-NEGATIVE/NEGATIVE (NN/N) SETTING, WHILE THOSE ON THE

RIGHT CORRESPOND TO THE POSITIVE/NEGATIVE (P/N) SETTING. METRICS MARKED WITH THE ↑ INDICATE THAT HIGHER VALUES IMPLY BETTER PERFORMANCE,
WHEREAS METRICS MARKED WITH THE ↓ SUGGEST THAT LOWER VALUES ARE PREFERABLE. PREVIOUS STATE-OF-THE-ART (SOTA) VALUES ARE UNDERLINED,

AND THE CURRENT STATE-OF-THE-ART (SOTA) VALUES ARE HIGHLIGHTED IN BOLD

TABLE II
THE COMPARISON RESULTS BETWEEN UCMIB-PNS AND OTHER BASELINE

MODELS ON CH-SIMS AND UR-FUNNY DATASETS ARE PRESENTED BELOW.
THE MARKS IN THIS TABLE CORRESPOND TO THOSE IN TABLE I

can adapt to more complex datasets and still improve the model’s
fusion performance through the assessment of sufficiency and
necessity.

On the CH-SIMS, UCMIB-PNS has achieved remarkably
significant improvements in accuracy. Specifically, the MAE
has decreased by 0.12, ACC-2 has increased by 3.65%, F1 has
improved by 3.43%, and ACC-5 has increased by 0.22%. Even
in different language scenarios, UCMIB-PNS remains effective
and achieves highly noticeable improvements across various
granularity levels of sentiment classification tasks. On the UR-
FUNNY dataset, it achieved a precision improvement of 0.26%.
These results confirm the broad applicability of UCMIB-PNS
across diverse multimodal tasks.

TABLE III
THE COMPARISON RESULTS (F1-SCORE) BETWEEN UCMIB-PNS AND OTHER

BASELINE MODELS ON VISUAL NOISY CMU-MOSI AND CMU-MOSEI
UNDER POSITIVE/NEGATIVE (P/N) SETTING. THE MARKS ARE CONSISTENT

WITH THOSE USED IN TABLE I

The results from the comparison of UCMIB-PNS with other
baseline models on the noisy CMU-MOSI and CMU-MOSEI
datasets demonstrate the robustness and superior performance of
UCMIB-PNS across various noise conditions. As the noise level
increases, the trend of decreasing model accuracy is observed.
UCMIB-PNS consistently achieves the highest F1-scores in both
clean and noisy settings. This highlights the effectiveness of
its adaptive fusion mechanism based on modality sufficiency
and necessity, which allows it to maintain high performance
even under increasing levels of salt-pepper and Gaussian noise.
Overall, UCMIB-PNS proves to be a highly versatile and reliable
model for multimodal sentiment analysis.
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TABLE IV
THE ABLATION RESULTS ON THE CMU-MOSI, CMU-MOSEI DATASETS

TABLE V
THE ABLATION RESULTS (F1-SCORE) ON THE CMU-MOSI DATASET WITH

VISUAL NOISE UNDER POSITIVE/NEGATIVE (P/N) SETTING

In summary, these experiments have demonstrated that
UCMIB-PNS can adapt to a wide range of multimodal sce-
narios, including datasets of varying sizes, different languages,
diverse types of multimodal tasks, and various noise conditions,
achieving optimal performance across all these settings. Unlike
traditional modality fusion methods based on maximum likeli-
hood, the adaptive fusion approach of UCMIB-PNS, which is
grounded in modality sufficiency and necessity, effectively en-
hances multimodal integration and significantly improves model
accuracy.

F. Ablation Study

We conducted ablation experiments on CMU-MOSI and
CMU-MOSEI, and the results are shown in Table IV. Besides,
we performed ablation experiments on CMU-MOSI with visual
noise, and the results are shown in Table V to verify the effective-
ness of each module. Additional ablation experiments on noisy
datasets are provided in Appendix E.

The effect of the Cross-Model Information Bottleneck module
(the top part of Tables IV and V): To verify the effectiveness of
the UCMIB module, we conduct experiments by removing the
codebook (denoted as w/o Codebook), removing the uncertainty
in contrastive learning (denoted as w/o UACL), removing the

entire contrastive learning (denoted as w/o LCL), removing the
symmetric KL loss (denoted as w/o LDSKL

), and removing
the entire UCMIB loss (denoted as w/o LUCMIB). After that,
we observe their impacts on the performance. We found that
the complete model achieved the best results on the CMU-
MOSI, CMU-MOSEI, and noisy CMU-MOSI datasets, while
the model with the complete removal of the module loss achieved
the worst results. Specifically, the conclusions drawn from the
CMU-MOSI, CMU-MOSEI, and noisy CMU-MOSI datasets
are consistent. The codebook, by maintaining a larger number
of negative samples, can be effectively combined with uncertain
contrastive learning to help the model overcome the recognition
of some challenging samples. An interesting finding is that the
uncertainty in contrastive learning is even more critical than
the contrastive learning itself. Aligning representations across
different modalities without considering the inherent uncertainty
within each modality may potentially impair model accuracy.
The symmetric KL divergence also contributes to model im-
provement, as it encourages the learning of unique features from
different views and promotes more consistent model outputs.
These observations collectively demonstrate the effectiveness of
UCMIB and its sub-modules in handling both clean and noisy
multimodal fusion.

The effect of the PNS estimator module (the middle part
of Tables IV and V): To verify the effectiveness of the PNS
estimator and its sub-modules, we successively removed the
estimation of sufficiency and necessity for the text-audio branch
(denoted as w/o LPNSta

), the estimation of sufficiency and
necessity for the text-vision branch (denoted as w/o LPNStv

),
and the entire PNS estimator module (denoted as w/o LPNS).
We found that on CMU-MOSI, CMU-MOSEI, and the noisy
CMU-MOSI, removing any single branch does not lead to better
results, while removing all branches results in the worst model
performance. Moreover, on the CMU-MOSI and noisy CMU-
MOSI datasets, the estimation of the sufficiency and necessity of
the text-audio branch is more critical, while on the CMU-MOSEI
dataset, the text-vision branch is slightly more important. This
may be related to the different modal characteristics present in
each dataset. The findings confirm the importance of the PNS
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TABLE VI
THE SENSITIVITY ANALYSIS OF η1

estimator and its sub-modules. Even when the sufficiency and
necessity of one perspective are given, the model still struggles to
balance the fusion weights of different views through end-to-end
learning. Therefore, the estimation of sufficiency and necessity
for all views is of great importance.

The effect of the modality combination (the bottom part of
Table IV) clearly demonstrates the necessity of leveraging com-
plementary information across modalities. Among unimodal
settings, the textual modality (T) performs significantly better
than the visual (V) and acoustic (A) counterparts across all
metrics on both CMU-MOSI and CMU-MOSEI, confirming its
dominant role in sentiment analysis. However, fusing textual
information with either visual (T+V) or acoustic (T+A) inputs
yields noticeable performance improvements, suggesting that
even though V and A modalities are weak individually, they
provide valuable complementary cues when integrated with text.
Notably, the T+V combination achieves performance close to
the full model, especially on CMU-MOSEI, highlighting the
informative role of visual features in larger datasets. In contrast,
the A+V setting performs poorly, reinforcing that the absence of
textual signals severely degrades sentiment prediction accuracy.
The full multimodal setting achieves the best overall results.
These results confirm the effectiveness of multimodal fusion
and the importance of balanced cross-modal learning.

G. Sensitivity Analysis

In this section, we perform a sensitivity analysis on the
three most critical hyperparameters involved in the proposed
UCMIB-PNS framework: η1, η2, and λ. We adopt ACC-7 as the
evaluation metric for CMU-MOSI and CMU-MOSEI, ACC-5
for CH-SIMS, and ACC-2 for UR-FUNNY. The sensitivity anal-
ysis results for the remaining two hyperparameters α and φ on
the clean datasets are provided in Appendix F available online.
The results of the sensitivity analysis under noisy conditions
are provided in Appendix G available online. In addition, we
provide the counterfactual evaluation results of UCMIB-PNS in
Appendix J available online.

The results in Table VI demonstrate that the hyperparameter
η1, which controls the strength of the Uncertain Cross-modal
Information Bottleneck (UCMIB) in the loss function, plays a
critical role in model performance. As η1 increases from 0 to 0.1,
performance improves consistently across all datasets, indicat-
ing that moderate information compression between modalities
effectively reduces redundant or noisy cross-modal signals and
enhances generalization. However, further increasing η1 beyond
0.1 leads to a performance drop, suggesting that excessive com-
pression may hinder the optimization of other loss components,
ultimately weakening the overall training process. Therefore,

TABLE VII
THE SENSITIVITY ANALYSIS OF η2

TABLE VIII
THE SENSITIVITY ANALYSIS OF λ

setting η1 = 0.1 corresponds to an appropriate strength of in-
formation bottleneck compression.

The sensitivity analysis results in Table VII demonstrate the
influence of the hyperparameter η2, which controls the loss
weight of the Probability of Necessity and Sufficiency (PNS)
Estimator. As η2 increases from 0 to 0.2, performance steadily
improves across all datasets, suggesting that better estimation
of PNS enhances overall model effectiveness. However, further
increasing η2 to 0.4 results in performance degradation, likely
due to interference with other optimization objectives. This trend
is consistent with the pattern observed for η1, where moderate
strength improves performance, but excessive weighting dis-
rupts the overall learning process. Therefore, η2 = 0.2 strikes
the best balance between estimation accuracy and stable joint
optimization.

Table VIII presents the sensitivity analysis of the hyperpa-
rameter λ, which controls the balance between sufficiency and
necessity. We observe a consistent performance improvement
as λ increases, with the best results achieved at λ = 1.2 across
all datasets. This indicates that assigning a higher weight to
necessity—often underemphasized in existing methods—can
lead to better performance. When λ is too small, the model
underperforms due to insufficient emphasis on necessity. How-
ever, when λ becomes too large, performance slightly declines,
indicating that overemphasizing necessity may also be subopti-
mal. These findings suggest that properly emphasizing necessity
strikes an effective balance and leads to enhanced model perfor-
mance.

H. Visualization and Case Study

To rigorously demonstrate the robust superiority of UCMIB-
PNS under noisy conditions, we present a comprehensive visu-
alization and case-study analysis. More visualization results of
noise robustness are provided in Appendix H.

1) Visualization of Dynamic Weight Assignment: To reveal
how the PNS estimator dynamically allocates weights under
different noise conditions, we visualized the weight curves for
text-audio and text-vision branches of different modal noises
during the training iteration process, as shown in Fig. 5. We
find that when there is no noise or when the text contains
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Fig. 5. Visualization of the weight curve of WPNS
tm under different modal noise conditions, with each iteration representing a sampling point. As training

progresses, the noisy modality branches are assigned smaller weights.

Fig. 6. The visualization results of the final representations using t-SNE [86]. The samples are derived from the test set of CMU-MOSI. Under both noise-free
and different types of noise conditions, the sentimental decision boundary of UCMIB-PNS is clearer than the baseline, confirming its strong adaptability to complex
scenarios.

noise, the weights of the text-audio and text-vision branches are
relatively balanced, with no particularly significant differences.
This indicates that during the training process, the information
contained in the text-audio and text-vision branches is comple-
mentary, with both branches possessing considerable sufficiency
and necessity. The differences only lie in the slight variations
in their distribution across different batches. This is because the
information they obtain from the text is similar. Essentially, they
rely on the relevance of audio and vision, as well as their integra-
tion with the text, to gain weight benefits. When noise appears
in the visual and audio modalities, in the initial stage of training,
the model adapts to these noises through the UCMIB module
and learnable parameters, without showing any significant dif-
ferences in weight allocation. As the training progresses to the
later stages, the PNS estimator successfully captures the noise
variations and reduces the weight allocation for the branches
where the noisy modalities exist. The visualization results of
the training process are consistent with rational understanding
and are also the expected outcomes of this paper. If one modal-
ity contains noise, the model needs to seek more sentimental
clues from other modalities. This demonstrates that the PNS
estimator can effectively reallocate weights across modalities
in response to noise, enhancing the model’s robustness and
adaptability.

2) Visualization of Joint Representation: On the test sam-
ples of the CMU-MOSI dataset, we visualize the baseline and
UCMIB-PNS under clean data and different modal types of noise
using t-SNE, as shown in Fig. 6. We find that noise directly
interferes with the final representations of modalities, making

the decision boundaries for sentiment unclear. Moreover, this
interference has an extremely severe impact on the traditional
baseline, especially when it comes to text blank noise, which
can cause a more significant impact compared to the salt-and-
pepper noise in the audio and video modalities. However, we
found that the proposed UCMIB-PNS not only achieves better
representations than the baseline in the noise-free scenario, but
also, thanks to the noise filtering mechanism of UCMIB and
the modality re-weighting mechanism of PNS based on the
sufficiency and necessity of modalities, UCMIB-PNS is able to
better resist noise from different modalities and obtain clearer
decision boundaries compared to the baseline under various
types of noise. In summary, UCMIB-PNS can effectively re-
sist noise interference and promote the fusion of multimodal
representations in complex scenarios.

3) Case Analysis: Moreover, we randomly selected five
samples and compared the predictions with the baseline
(MMIM [24]) under different noise conditions. The results of the
case analysis are shown in Fig. 7. These noise conditions are truly
present in real-world scenarios. We find that even though all the
samples have clear sentimental semantics, the baseline struggles
to produce the correct output when disturbed by noise. Our
proposed UCMIB-PNS can stably produce the correct output,
which demonstrates the advantages of the UCMIB module and
the PNS estimation module in dealing with noisy samples. Our
proposed UCMIB-PNS model proves to be highly effective
and robust, confirming its potential for real-world applications.
In addition, we provide a case analysis of the PNS working
mechanism based on causal paths in Appendix K.
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Fig. 7. A case analysis was conducted on five test samples from CMU-MOSEI.
Compared with the baseline (MMIM [24]), our model can adapt to different types
and levels of noise and produce correct outputs.

V. CONCLUSION

In this paper, we propose a novel modality fusion method,
UCMIB-PNS, which is designed to balance the sufficiency and
necessity of information across modalities for robust multimodal
sentiment analysis. Grounded in information bottleneck theory
and guided by probabilistic causality, UCMIB-PNS employs the
UCMIB module to reduce redundant information and maximize
discriminative cues within modalities. The PNS estimator
further enhances this balance by dynamically estimating and re-
weighting the sufficiency and necessity of information. This ap-
proach effectively filters out noise and highlights the most infor-
mative features, thereby significantly improving the robustness
and accuracy of multimodal sentiment analysis. UCMIB-PNS
achieves state-of-the-art performance on four public datasets
under both clean and noisy settings. Comprehensive experiments
and extended analyses confirm that our method not only opti-
mizes the fusion of multimodal representations but also remains
resilient to various types of noise, leading to more reliable senti-
ment predictions. Future work will focus on further exploring the
generalizability of UCMIB-PNS to other multimodal tasks and
datasets. Furthermore, efforts should also be directed towards
enhancing the model through large-scale pretraining, with the
goal of incorporating sufficient and necessary knowledge to
improve its performance in complex, real-world scenarios.
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