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Abstract—Multimodal sentiment analysis is critical in many
real-world applications like smart cities, healthcare, and human-
computer interaction, where sentiment is conveyed through vari-
ous modalities, including text, audio, and video. However, existing
methods still face several critical challenges in mitigating the
impact of random modality loss, particularly in preserving the
reliability of emotional patterns. To address these limitations, we
introduce UniMSA, a novel framework for multimodal sentiment
analysis with missing modalities. It addresses the missing data
issue by improving the bipolar emotional uncertainty learning.
Our approach enhances the reliability of sentiment analysis by
integrating both positive and negative emotional uncertainty
estimations to recover emotional patterns in randomly miss-
ing modalities. Extensive experiments conducted on large-scale
multimodal sentiment datasets demonstrate the effectiveness of
UniMSA in comparison to state-of-the-art methods.

Index Terms—multimedia sentiment analysis, uncertain miss-
ing modalities, uncertainty estimation, emotional patterns

I. INTRODUCTION

In real-world scenarios, data generated by human activities
often contain rich emotional information. Multimodal Senti-
ment Analysis (MSA), which analyzes emotions across various
modalities such as video, text, and audio, plays a pivotal role
in advancing domains like smart cities [1], and social analysis
[2], [3]. However, challenges arise from missing modality
information, necessitating effective strategies for cross-modal
information transfer and integration to achieve a comprehen-
sive understanding of emotions.

Recent advancements in MSA have facilitated the develop-
ment of sophisticated models leveraging techniques such as
uncertainty estimation [4], Transformers [5], and causal mod-
els [6]. While these models have improved sentiment analysis
performance, the issue of missing modality information widely
existing in real-world applications remains insufficiently ad-
dressed. As a result, a growing body of research is now
exploring MSA under conditions of missing modalities.

For instance, MMIN [7] leverages multimodal learning to
capture modality couplings, while TFR-Net [8] utilizes Trans-
formers to extract semantic information from multiple modal-
ities. However, they primarily depend on the remaining intact
modalities to reconstruct missing information, placing signifi-
cant dependence on the reliability of the intact modalities. This
assumption often falls short in real-world scenarios, where
missing data occurs randomly and unpredictably, leaving in-
sufficient reliable information in the intact modalities to bridge
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Fig. 1. Model comparison between previous methods and our proposed work.

the gaps effectively. To address this limitation, LNLN [9]
incorporates randomly missing data instances into its training
strategy to enhance robustness in handling incomplete data.
As a result, sentiment analysis models capable of addressing
randomly missing modalities have gradually become a widely
adopted approach in the field.

Despite advancements in MSA methods for incomplete data,
aimed at improving modality extraction and fusion techniques,
several challenges remain: (1) Low Modality Reliability: The
inherently random nature of modality dropout introduces sig-
nificant noise, diminishing the reliability of extracted informa-
tion and complicating its use in subsequent analysis. (2) Severe
Loss of Emotional Patterns: Random modality dropout often
results in the loss of critical emotional patterns. For example,
when the key sentiment-bearing words are missing from the
text modality and the original sentiments in the image and
audio modalities become neutral, it becomes difficult to infer
the intended emotional context accurately.

To address these challenges, we propose a novel ap-
proach, UniMSA, designed for Bipolar Uncertainty Reliable
Multimodal Sentiment Analysis. As illustrated in Fig. 1,
our model enhances bipolar emotional uncertainty learning,
overcoming the reduced modality reliability often observed in
existing approaches under conditions of missing modalities.
Moreover, it explicitly explores and addresses uncertainty
within emotional patterns. Specifically, UniMSA integrates the
uncertainty of both positive and negative semantic emotional
information, thereby increasing the model’s sensitivity to sub-
tle emotional patterns. This strategy significantly improves the
robustness and accuracy of sentiment prediction, even in the
presence of incomplete data. The key contributions of our work
are summarized as follows:



(1) We introduce a novel MSA model for bipolar emotional
uncertainty, effectively capturing both positive and potentially
negative uncertain relationships among missing emotional
patterns. Our model enhances the reliability of the recognition
of fundamental emotional pattern signals.

(2) The proposed model shifts the focus from modality
reliability to the reliability of underlying emotional patterns.
By completing missing emotional patterns through bipolar in-
formation fusion, it significantly improves MSA performance.

(3) Extensive experiments conducted on three multimodal
datasets demonstrate that UniMSA outperforms state-of-the-
art baselines in sentiment analysis accuracy under conditions
of missing modality, highlighting its robustness in uncertain
environments. The source codes and datasets are available at
https://github.com/SuperPower97/UniMSA.

II. RELATED WORK

Most existing MSA studies operate under the assumption
of complete modality data availability [5], [6]. However, in
real-world scenarios, data completeness is often compromised
due to sensor limitations, necessitating robust mechanisms
for handling missing modality issue and ensuring reliable
decision-making. Therefore, many modality missing methods
primarily aim to learn the correlations between complete and
missing modalities to construct more robust representations.
For instance, MMIN [7] proposes a cross-modal learning
to capture coupling relationships. TFR-Net [10] introduces
Transformers to extract intra-modal and inter-modal relation-
ships, constructing a feature reconstruction network to recover
missing modality semantics. However, these modality missing
methods heavily rely on the quality of the complete modalities,
often overlooking the randomness inherent in modality loss.
Consequently, recent research has increasingly focused on
the randomly modality missing methods that explore arbi-
trary inter-modality correlations. For instance, LNLN [9] uses
randomly missing data instances as a strategic approach to
enhance MSA’s robustness when dealing with incomplete data.

Additionally, existing robustness studies in MSA primarily
address either data quality uncertainty or modality-specific
uncertainty. TMSON [11] proposes Gaussian distributions and
Bayesian fusion to manage robust multimodal uncertainty,
while DiCMoR [12] introduces normalizing flows to recover
missing modality features aligned with real data distributions.

However, they often overlook the substantial reduction in
modality reliability caused by random modality dropout, which
undermines the effectiveness of sentiment modality extraction.
In contrast, our proposed UniMSA enhances bipolar emotional
uncertainty learning to capture clearer emotional messages.

III. METHODOLOGY

The overall framework of our proposed UniMSA - bipolar
emotional uncertainty learning network in multimodal senti-
ment analysis with incomplete data — is depicted in Fig. 2.

A. Multimodal Feature Extraction

Data Missing Preprocessing. Following the methodology
outlined in [8], we simulate the missing information by ran-
domly removing varying proportions of data (ranging from
0% to 100%) for each modality, where the missing modalities
inherently exhibit high uncertainties. Specifically, for the visual
and audio modalities, the missing information is replaced with
zeros; for the language modality, the erased data is substituted
with the [UNK] token in BERT, which is a pretrained language
model.

Multimodal Data Preprocessing. Following previous work
on multimodal processing [13], we first obtain input rep-
resentations by processing language (!) with BERT, visual
information (v) with OpenFace , and audio (a) with Librosa.
These representations are denoted as X9, € RTm*dm  where
m € {l,v,a}, Tp, is the sequence length, and d,, is the
vector dimension for each modality. Subsequently, we perform
missing data preprocessing on X9 , resulting in a multimodal

m?

input X!, € RT=*dm with random noise.

B. Bipolar Emotion Integration

Drawing on the previous work [13], due to the signifi-
cant interference caused by the loss of semantic emotional
information in the dominant language modality after random
data missing, we design Bipolar Emotion Integration, a novel
module that leverages bipolar emotional information directly
from other modalities to perform dual-semantic emotional
correction for the language-dominant module.

Initial Modality Embedding. We first propose a two-layer
Transformer encoder to extract and integrate features from
the multimodal input X! . Each modality begins with a
randomly initialized low-dimensional vector HY, € RT*dm,
which is processed by the encoder to obtain the initial feature
representation HY, € RT*4:

H,, = Encoder (concat(H?,,X},),0,,) , (1)

m

where Encoder(-) extracts each modality’s features from the
concatenation of H?, and X! , under the condition of different
parameters 6,,.

Adaptive Hyper-modality Fusion (AHF). Since we consider
the language feature representation H} as the primary de-
terminant for predicting sentiment, we utilize two layers of
Transformer-based encoders to learn the dominant representa-
tions at different scales [13]. The process of learning middle-
and high-scale representations (H? and H3) is defined as:

i =E] (H ", 0,) e RT™ 2)

where ¢ € {2,3} represents the i-th layer of the multi-scale
Transformer encoder E¢(-). Unlike Initial Modality Embed-
ding, which primarily aims to perform the embedding process,
the purpose of this encoder is to effectively transfer essential
information into the initial embedding.

After obtaining the language features of different scales, a
hyper-modality feature Hyyper € RT*4 is calculated by a multi-



( A 4 N 4 N
(a) Multimodal Feature Extraction (b) Bipolar Emotion Integration (¢) Uncertainty Estimator
------------- s :
Interesting X! L -\\J [ u l'_'_%::‘ """" Co T :
hypothesis.... g 1 5 Positive FC i (I WO \
£ 1 1T H; — Attention v : ! H 4 |
Language = : 7 Negative | ! ) NIG (}’] RN ) ,
z 1 Attention i H !
;,.|||||||I||||||||.|....|II|‘|I||II|||I1IIn:u||I 1 . | ST 4 !
‘||||||||||||[|u.|..-.||||||||||I|||||Ilu gl - | o0 Addition [ NIG( y,v,a, ﬂ) H
Audio 5 : t e Negative : |[ \ b !
2 | Positive o Fe hyper1 | .|:> (717 VzaazsﬂQ) i
Z. . T 9 !
g i Attention R ; Lo £,0) E
2ot S T ! e L T e s e ECEEEEEE R
g Video Multimodal Data Processing Y, \_ ) \_ Deep Evidential Network )

Fig. 2. The framework of UniMSA: (a) We introduce data imputation and preprocess multimodal data from raw inputs. (b) We capture positive and negative
fundamental emotional signals by multimodal bipolar emotional attention mechanism. (¢) We propose an evidential uncertainty estimator to precisely model

the real uncertainty inherent in incomplete modality data.

head attention relationship between the language features and
the two remaining modalities:

HY,p, = Hi,l -+ MHA (H], HL) + MHA (H], H}) , ()
where j € {1,2, 3} represents the number of iterations in the
above formula, and MHA(-) denotes the multi-head attention.
Bipolar Emotional Attention Learning. Now we compute
the fine-grained similarity matrix S € RT*T representing
the similarity between each feature of Hj, . and Hj. The
similarity scores are computed using the addition attention
mechanism [14] and the scaled dot-product attention mech-
anism, as follows:

S = tanh (H} ., + H}) W, S = H}  (H)T/\/de, @)

where W, € R9*! represents a learnable weight vector.
Then we introduce the positive and negative learnings. Positive
learning aims to identify the most similar emotional features,
while negative learning seeks to uncover the contrasting emo-
tional information.

Positive Learning. After calculating the most similar emo-
tional features between the modalities, we obtain the features
H} .. € RT*4and H € RT* guided by positive emotional

hyper
information as follows:

HY = softmax(S)Hﬁype,, HY? = softmax (S™) H. (5)

P
hyper

Negative Learning. In addition to positively correlated emo-
tional information, conflicting emotional information also
plays a crucial role in sentiment analysis. To obtain the
negatively correlated attention vectors Hy! . € R"*? and
H' € RT*4 the similarity matrix S is multiplied by the

high-scale representations with a negative constant:

Hiper = softmax(—S)Hﬁyper, " = softmax(—S™T)H7. (6)

Next, two fully-connected (FC) layers are employed to
combine positive and negative attention vectors for obtaining

hyper and H', while allowing two types of guided information
to merge and produce final vectors Hyype, and Hj:

Hiyper = FC(HP

hyper & Hl?yper)v sz = FC(Hf D H?), (7)

thper = FC(HSyper & sz)7 H, = FC(H? D H;:yper)' )

C. Emotional Evidence Uncertainty Estimator

Now we have updated the representations of multimodal
features Hpyper and dominant linguistic features H;. Given
the high uncertainty associated with randomly missing sen-
timent modalities, we evaluate the emotional uncertainty for
sentiment prediction, gy, by modeling it using a Gaussian
distribution, N (11, 2), which satisfies the relationships:

g~ N(p,o), p~N@,05) o ~T Ha,B), )

where T'(:) denotes the Gamma function, v € R?, v > 0,
a > 1, and 5 > 0. Our objective is to estimate the posterior
distribution ¢(p, o2|§), which has the approximate form of a
Normal Inverse-Gamma (NIG) distribution:

B/ 1>t 28 + v(y — p)?
pno} 1) = ot () e
10)

where the NIG distribution is denoted as Q = {v,v,«, 5}.
Next, we constrain the training process to generate the distribu-
tion hyperparameters: first increasing the emotional evidence
to support observations, then reducing evidence (increasing
uncertainty) when predictions are incorrect.

Maximizing the emotional evidence. In Bayesian theory, emo-
tional evidence represents the likelihood of the observation y
given the evidential distribution parameters, 2. When applying
the NIG prior, the analytical solution for the evidence is:

B

Tva+v’

p(9]€) = St(9;y @), (11)

where St(-) is the student’s ¢ distribution. To train the model,
we use the negative log of model evidence as the loss function:

NLL _1 s I'(a)
£ (6) =5 log (;) — alog(w) + log W (12)
+ <a+;> log ((@*7)2v+w), (13)

where w = 24(1 + v). By maximizing the model emotional
evidence, the neural network can output the appropriate NIG
parameters to fit the observed data.

Minimizing the emotional evidence. We regularize the train-
ing by applying an incorrect evidence penalty to reduce the



evidence for incorrect predictions. Specifically, we use the
following evidence regularizer:

LYO) =i —E[ul-o=1g—7- Qu+a), (14

herein, E[u| is actually the prediction . Now the total loss
scaled by the trade-off coefficient A is defined as follows:

L£(8) = LNE(9) + ALR(0). (15)

Training. Given two NIG distributions NIG (v1, v1, a1, 81)
and NIG (72, v2, avp, B2) from different perspectives, Hiyyper
and H;, the summation of these two NIG distributions is:

NIG(v, v, a, B) := NIG (y1, v1, a1, 81) @ NIG (72, v2, a2, B2),

where v = (v1 4 v2) " (Vi1 + v22),

1 1 1
a=a1+a2+§;5=[31+[32+501(71*’7)2+*U2(’Y2*’7)2-

2
(16)
We define the final loss function L£,;(0) as the sum of the
losses from two views and the fused distribution:

Lan(0) = L1(6) + L2(0) + L4(0). 17)

At last, the final loss combined with emotional uncertainty
constraint L,;;(0) and the MSE loss, can be written as:

v =wv1 + v2

N
1 n ~n |2
£:£all(0)+N;Hy =95, (18)

where NV is the number of samples in the training set.

IV. EXPERIMENT
A. Experimental Configuration

Datasets. MOSI [15] is a benchmarking dataset for multi-
modal sentiment analysis, containing 2,199 video clips with
text, audio, and visual modalities. Each clip is labeled with
sentiment intensity scores. MOSEI [16] is a larger version
of MOSI, with over 22,856 video clips covering diverse
topics from YouTube. It includes sentiment intensity labels
across text, audio, and visual modalities, facilitating more
comprehensive emotion recognition tasks. Both datasets assign
sentiment scores to each sample, ranging from -3 (strongly
negative) to 3 (strongly positive). SIMS [17] is a large-
scale Chinese sentiment dataset consists of 2,281 video clips
extracted from various movies and TV series. Each sample is
manually annotated with a sentiment score on a scale from -1
(negative) to 1 (positive).

Benchmarks. In this study, we compare our method with
eight baseline models as below: MISA [18], MMIN [7],
Self-MM [19], TFR-Net [10], CENET [20], TETFN [21],
ALMT [13] and LNLN [9].

Evaluation Criteria. To evaluate performance, we report
several metrics including seven-class accuracy (Acc-7), five-
class accuracy (Acc-5), binary classification accuracy (Acc-2),
binary classification F1 score, mean absolute error (MAE),
and the correlation coefficient between predictions and labels
(Corr) on the MOSI and MOSEI datasets. For Acc-2, we
compute both accuracy and F1 scores in two configurations:
negative/positive (left) and negative/non-negative (right). For

the SIMS dataset, we report the Acc-5, three-class accuracy
(Acc-3), Acc-2, F1 score, MAE, and Corr.

Implementation. We conduct ten experiments with missing
rates from 0 to 0.9 (increment of 0.1) and average the results
to evaluate performance. We employ the Adam optimizer with
a learning rate of le=* for optimizing the model parameters.
Our model is trained for 100 epochs to achieve best results.
The model is implemented in PyTorch and run on a GeForce
RTX 4090 GPU.

B. Overall Performance

We evaluated the performance of our method UniMSA and
baselines across multiple evaluation metrics on the MOSI,
MOSEI, and SIMS datasets. The results are shown in Ta-
ble I and Table II. (1) Outstanding Overall Performance:
UniMSA outperforms other models, including recent advanced
approaches such as LNLN and ALMT, in critical evaluation
metrics including Acc-7, Acc-5, Acc-3, Acc-2, F1, and Corr.
This confirms that UniMSA excels in capturing nuanced sen-
timent patterns information across different modalities, estab-
lishing its superiority in multimodal sentiment analysis tasks.
(2) Enhanced Reliability of Missing Emotional Patterns:
A notable strength of UniMSA is its ability to effectively
recover missing emotional patterns. Even when modalities
are randomly missing, our model consistently maintains high
accuracy, demonstrating its robustness in scenarios with in-
complete or noisy input data. This is a significant advantage in
real-world applications, where modality or data missing issues
are common. (3) Impact of Bipolar Emotional Uncertainty
Learning: The innovation of bipolar emotional uncertainty
learning primarily lies in reorienting attention from modality
reliability towards the stability of fundamental emotional pat-
tern signals. This shift significantly enhances the performance
of binary sentiment analysis. The method not only improves
the Acc-2 metric but also leads to substantial gains in more
fine-grained metrics such as Acc-5 and Acc-7.

C. Ablation Study

Table III and Table IV show the ablation results, where
we evaluate the contributions of three key modules in our
model. The variants tested include: (1) w/o AHF: Removing
the adaptive hyper-modality fusion module which facilitates
learning across language, audio, and visual modalities results
in a noticeable performance drop, underscoring its importance
in multimodal interaction. (2) w/o Bipolar: Excluding the
bipolar emotion integration which integrates positive and neg-
ative information leads to reduced performance, highlighting
its critical role in sentiment analysis. (3) w/o Uncertainty:
Excluding the emotional evidence uncertainty estimator —
which captures multimodal distribution uncertainty — causes
a performance degradation. This emphasizes its significance
in handling noisy data. The ablation study confirms that each
module is essential for the improved model performance, and
any removal leads to a decrease in accuracy.



TABLE I
SENTIMENT ANALYSIS PERFORMANCE COMPARISON OF THE OVERALL PERFORMANCE ON MOSI AND MOSEI DATASETS.

Method MOSI MOSEI

Acc-7  Acc-5 Acc-2 F1 MAE  Corr  Acc-7 Acc-5 Acc-2 F1 MAE  Corr
MISA [18] 29.79 33.12 71.50/70.36 71.29/70.01 1.087 0.525 40.69 39.28 71.27/75.82 64.75/68.29 0.784 0.512
MMIM [7] 31.19 33,57 69.21/67.16 66.64/64.12 1.073 0510 39.68 40.72 72.74 /7825 69.38/71.68 0.742 0.489
Self-MM [19] 2949 3476 70.42/69.31 66.51/67.60 1.068 0514 4470 4538 74.54/77.55 68.83/72.45 0.695 0.498
TFR-Net [10]  29.55 3478 68.32/66.46 61.78/60.16 1.212 0.461 4532 34.67 73.62/7723 68.72/7032 0.739 0.488
CENET [20] 30.66 3521 714576782 6852/6490 1.083 0.508 44.47 43.68 74.67/77.34 70.68 /74.08 0.685 0.535
TETEN [21] 30.28 3431 69.69/67.67 6579/63.49 1.086 0.507 3240 4542 69.76/67.68 65.69 / 63.29 1.087 0.508
ALMT [13] 30.34 3324 70.88 /6858 7236/71.67 1.079 0496 40.84 41.52 76.66/77.56 77.22/78.32 0.692 0.481
LNLN [9] 32.73 3594 7245/70.99 72.73/7152 1.094 0.535 4501 45.85 76.58/78.17 77.67/79.86 0.684 0.540
UniMSA 3380 3636 72.50/71.06 72.75/71.89 1.045 0.536 4535 46.43 77.17/79.22 77.68/80.65 0.686 0.547

TABLE II

SENTIMENT ANALYSIS PERFORMANCE COMPARISON OF THE OVERALL
PERFORMANCE ON SIMS DATASET.

Method Acc-5 Acc-3  Acc-2 F1 MAE  Corr
MISA [18] 3221 5397 7124 6740 0.538 0.352
MMIN [7] 3228 52776  69.78 67.41 0.534 0.342
Self-MM [19] 31.24 5429 7094 69.46 0.528 0.367
TFR-Net [10] 2596 5298 67.84 57.62 0.657 0.189
CENET [20] 2428 5334 69.62 58.89 0.586 0.124
TETEN [21] 32.64 53.87 7257 68.67 0.525 0.381
ALMT [13] 22,12 4758 69.66 72.58 0.557 0.364
LNLN [9] 32.16 54.61 69.69 71.31 0.519 0.368
UniMSA 33.64 55.63 72.81 7499 0.524 0.372

D. Hyperparameter Analysis

As illustrated in Fig. 3, we conducted a sensitivity analysis
on the trade-off coefficient parameter A, which plays a crucial
role in balancing the uncertainty measurement objectives. We
explored various A values including let=%=3=2=1} Ag )
increases, the trends for Acc-2 and Acc-5 show that the
performance of most datasets steadily improves, with a gradual
increase in model performance. However, there are exceptions,
such as the trend for Acc-5 on the MOSI dataset, which
initially decreases before rising again. Nonetheless, in all
cases, the peak performance is observed at A = le~!. Beyond
this point, higher values of )\ lead to diminishing returns,
with excessive penalization of imbalance potentially causing
overfitting, thereby hindering the model’s ability to generalize.
Taking into account the overall performance of \ across Acc-2,
Acc-5, and all other parameters, the sentiment analysis model
achieves the optimal configuration when \ = le~!.
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Fig. 3. Parameter Analysis of UniMSA.
E. Visualization in Bipolar Emotion Integration

To further elaborate on the transmission mechanisms of
positive and negative information in positive learning and

negative learning, we apply a softmax operation to the fine-
grained similarity matrix S and its adverse matrix —S, fol-
lowed by heatmap visualization of the resulting matrices. As
shown in Fig. 4, particularly in the regions enclosed by the
red box, areas with larger weights in positive learning are
scarcely learned in negative learning. Conversely, information
that is not emphasized in positive learning occupies a central
role in negative learning, which precisely corresponds to the
information often overlooked by other related methods.

softmax(S softmax(-S)

high

Fig. 4. Heatmap visualization of softmax(S) and softmax(—S)

F. Evidential Robustness

To validate the robustness of our UniMSA against random
modality missingness, we visualize the uncertainty distribu-
tion under simulated measurement noise in Fig. 5. With the
parameter m governing the missing rate, we observe that the
uncertainty scores exhibit a smooth distribution across the
entire range, even in the absence of supplementary noise.
This indicates that, despite inherent measurement noise in
real-world datasets, the evidence bipolar sentiment uncertainty
learning can capture these patterns. Additionally, as noise
levels increase, uncertainty also rises, confirming that the
proposed method effectively detects the intensity of modality
missing noise and provides timely feedback.
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TABLE IIT
ABLATION STUDIES OF UNIMSA’s MODULES ON MOSI aND MOSEI DATASETS.

Method MOSI MOSEI
Acc-7  Acc-5 Acc-2 F1 MAE Corr  Acc-7 Acc-5 Acc-2 F1 MAE  Corr

UniMSA 33.80 36.36 72.50/71.06 72.75/71.89 1.045 0.536 4535 4643 77.17/79.22 77.68/ 80.65 0.686 0.547

w/o AHF 31.07 3457  69.77/69.27 69.60/69.20 1.126 0.469 4476 4587 76.09/76.60 76.92/76.86 0.711 0.536

w/o Bipolar 3237 3548 68.92/71.29 69.44/7123 1.133 0.533 4495 4596 7473767772 7433/69.13 0.702 0.533

w/o Uncertainty 3039  33.51 7240/70.88 7245/71.04 1.074 0520 4520 4621 77.08/7843 77.52/80.46 0.689 0.534

TABLE IV
ABLATION STUDIES OF UNIMSA’s MODULES oN SIMS.
REFERENCES
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