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Highlights

Personalized Multimodal Sentiment Analysis under Uncertain Modal-
ities Missing via Pretraining and Online Learning

Hongxiang Sun, Zhizhong Liu, Dianhui Chu, Quan Z. Sheng, Zhaowei Liu,
Jian Yu

• To develop an effective MSA model for personalized users, we pro-
pose a personalized MSA model under uncertain modalities missing
via pretraining and online learning (named PMSAPO), which is first
pretrained with some public datasets, and then it autonomously adapts
to personalized users through some online learning strategies. To the
best of our knowledge, this is the first work that propose to develop
personalized MSA model under uncertain modalities missing.

• To effectively to handle the uncertain missing modalities in MSA for
personalized users, We propose a method of reusing the fused modalities
to complete the missing modalities. In this method, a neural network
evaluation module is proposed to assign different weights to each modal-
ity in the joint feature (fused modalities), and then the joint feature
is fused with each weighted modality, so as to optimize each modal-
ity by reusing the fused modalities, which has excellent flexibility and
generalization ability.

• We propose a set of online learning strategies to enable the pretrained
MSA model to autonomously adapt to personalized users. Specifically,
the adaptive learning rate adjustment strategy can adjust the learning
rate according to the amount of data of personalized users. The on-
line meta-learning strategy can obtain more adaptive personalized user
parameters by optimizing the meta-task loss. The adaptive weights
assigning strategy endows different weights to data samples of person-
alized users, thus to avoid catastrophic forgetting problems.

• We conduct extensive experiments to verify the performance of our
proposed model based on three public benchmark datasets (IEMOCAP,
MELD and CMU-MOSI). Experimental results prove that PMSAPO
completely outperforms other 12 baseline models. Compared to the
second-best performing model (SMCMSA), on the IEMOCAP dataset,

                  



our proposed model PMSAPO has an average increase of 2.64% in M-
F1 and 2.55% in ACC. On the MELD dataset, PMSAPO increase M-F1
by 3.19% on average, and improves ACC by 2.30% on average. On the
CMU-MOSI dataset, PMSAPO increase M-F1 by 1.72% on average,
and improves ACC by 2.02% on average.
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Abstract

Currently, multimodal sentiment analysis (MSA) for personalized users un-
der uncertain modalities missing has become a new challenging problem. To
address this issue, we propose a two-step idea. First, we propose an effective
MSA model under uncertain modalities missing and train it with some public
datasets, thus to enable the model to possess better preliminary MSA ability.
Then, we make the pretrained model to continuously learn user’s personalized
characteristics with online learning methods, thereby enable the model grow
into a robust model for personalized MSA. Based on this idea, we propose a
Personalized MSA model under uncertain modalities missing via Pretraining
and Online Learning (termed as PMSAPO). For Personalized MSA under
uncertain modalities missing, PMSAPO firstly generates the fused modal-
ity and allocate weights for each modality with a Fully Connected Neural
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Network Evaluation Module. Then, PMSAPO completes the final sentiment
classification based on the fusion modality with a Joint feature optimization
module. For the pretrained PMSAPO, we make it autonomously learn the
personalized users via our proposed online learning techniques, including an
online meta-learning method, a learning rate adaptive adjustment strategy,
and a dynamic weight assignment strategy for sample data. Finally, based
on three public benchmark datasets (IEMOCAP, MELD and CMU-MOSI),
we conduct extensive experiments and prove that PMSAPO completely out-
performs the Twelve state-of-the-art baseline models. (Code is available at
https://github.com/SHX-AI/PMSAPO.)

Keywords: Multimodal sentiment analysis, Uncertain modalities missing,
Pretraining, Online learning

1. Introduction

In people’s daily lives and work, sentiment plays a crucial role in var-
ious human cognitive processes, such as learning, memory, and decision-
making [1]. Accurate sentiment analysis has the greatest importance in
various applications, including smart education [2], healthcare [3], intelli-
gent recommendation [4], and human-computer interaction [5]. In the past
few years, sentiment analysis technology has become a prominent focus in
the artificial intelligence field [6]. In the early stages of research, sentiment
analysis has been conducted based on single modal data (e.g., text data) with
machine learning techniques, such as sentiment analysis based on personal
blogs [7], sentiment analysis based on product reviews [8], sentiment analysis
based on movie critiques [9], and so on.

Recently, with the rapid development of intelligent terminals and Internet
technology, data on social platforms has transitioned from single modality
to multiple modalities (text, visual, and audio) [10]. Actually, multimodal
data can capture nuanced sentimental variations across multiple dimensions
and reveal affective cues that are often imperceptible in single modality.
Sentiment analysis based on multimodal data can yield more accurate and
comprehensive insights. Therefore, Multimodal Sentiment Analysis (MSA)
has emerged as a hot topic in the fields of artificial intelligence and affective
computing.

MSA aims to recognize users’ sentiment based on multimodal data (text,
visual, and audio) [11]. In the past few years, some effective MSA models
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have been developed with deep learning techniques [12], such as MSA based
on recurrent neural networks (RNN) [13, 14], MSA based on graph convolu-
tional neural networks (GCNN) [15, 16], MSA based on Transformer [17, 18],
MSA based on contrastive learning models [19, 20], and so on. Undoubtedly,
existing MSA research has achieved remarkable results and promoted the
development of sentiment analysis technology significantly [18].

However, existing research only focuses on developing models for MSA,
without considering how to tackle the challenges for personalized MSA. The
first challenge is that the multimodal data of a personalized user is relatively
limited, making it difficult to train an effective MSA model. Although MSA
models can be trained with some public datasets (e.g., MELD [21]), however,
models trained with public datasets do not have perfect performance for
personalized users, because individual users’ demographics often differ from
those of the training datasets. It is worth mentioning that, we have conducted
some experiments to verify the above phenomenon. Experimental results
show that the performance of MSA models trained with public dataset almost
halved when they are tested with personalized users’ data. Therefore, how
to develop an efficient MSA model for personalized users become a critical
issue.

The second challenge is that, uncertain modalities missing occurs fre-
quently due to some uncontrollable factors [12] in personalized MSA. For ex-
ample, as illustrated in Fig. 1, when the camera device is occluded, the visual
modality cannot be captured. When the users keep silent, the audio modal-
ity cannot be obtained. Recently, to solve this problem, some effective MSA
models considering uncertain modalities missing have been proposed [12, 18].
However, existing works [12] always complete the uncertain missing modal-
ities with a pre-trained model that trained with the full multimodal data.
However, actually, it is difficult to obtain substantial high quality full multi-
modal data for training the pre-trained model in practical applications, due
to the dynamism of the environment, users’ privacy protection, or devices’
abnormality. Moreover, the pre-trained model will be invalid when it is used
for personalized users. Therefore, how to tackle the problem of uncertain
modalities missing in personalized MSA is still a challenging problem. In all,
although existing research on MSA has achieved some wonderful results, but
there are still some challenges to be addressed for personalized MSA:

• Existing research on MSA does not consider how to develop effective
MSA model for personalized users. Moreover, existing MSA models
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Fig. 1. Example of uncertain modalities missing in MSA

trained with public datasets do not have perfect performances for per-
sonalized users (which has been proved by some experiments). There-
fore, how to develop an effective MSA model that can continuously
learning personalized users’ characteristics is a new challenging prob-
lem.

• For MSA under uncertain modalities missing, existing MSA models al-
ways adopt a pre-trained model (which is trained with the full modal-
ities) to complete the missing modalities. However, in practical ap-
plications, it is difficult to collect high quality full multimodal data
for getting the pre-trained model. Moreover, when data changes, the
pre-trained model embedded in the MSA models will become invalid.
Therefore, how to effectively tackle the problem of uncertain modalities
missing in personalized MSA is still a challenging problem.

To tackle the above issues, this work proposes a Personalized MSA model
under uncertain modalities missing via Pretraining and Online Learning
(termed as PMSAPO). PMSAPO is first trained with some public datasets,
thus to possess good preliminary MSA abilities for personalized users. Then,
the pretrained model PMSAPO is enabled to continuously learn the person-
alized users with our proposed online learning techniques, thereby growing
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into a robust model for personalized MSA. For MSA under uncertain modal-
ities missing, PMSAPO first encodes the uncertain modalities missing (text,
visual and audio) with multi-head attention, and then concatenates the em-
beddings of the three modalities. Next, the concatenated embeddings are
input into the self-attention module to realize the internal interaction and
generate the joint feature of the three modalities. Then, PMSAPO esti-
mates the quality weight of each modality in the joint feature with a fully
connected neural network, and produces the weighted modalities through
weighting each modality with its quality weight. After that, the joint feature
and each weighted modality are fused to generate the optimized fusion feature
of each modality. Finally, the three optimized modalities are concatenated
and the final sentiment analysis is conducted with the softmax function.

To enable the pretrained model PMSAPO to own self-learning ability
when applied for personalized users, we proposed the following online learn-
ing techniques: firstly, we adopt an online meta-learning mode for pre-trained
PMSAPO, which applying an inner and outer loop structure to enable PM-
SAPO to quickly learn features of personalized users. Secondly, we adjust
the learning rate of PMSAPO adaptively with the increase of data of the
personalized user. Thirdly, to address the catastrophic forgetting problem in
online learning, we propose to assign dynamic weights for the sample data of
the personalized user, which can guide the PMSAPO to focus on new sam-
ples while avoiding forgetting old ones. The main contributions of our work
are summarized as follows:

• To tackle the issue of personalized MSA, we propose a personalized
MSA model under uncertain modalities missing via pretraining and
online learning (named PMSAPO), which is first trained with some
public datasets, and then it autonomously adapts to personalized users
through some online learning techniques. To the best of our knowledge,
this is the first work that propose to develop personalized MSA model
under uncertain modalities missing.

• To effectively handle the uncertain missing modalities in MSA for per-
sonalized users, we propose to complete the missing modalities with a
method of reusing the fused modalities. In this method, a neural net-
work evaluation module is proposed to assign different weights to each
modality in the joint feature (fused modalities), and then the joint
feature is fused with each weighted modality, so as to optimize each
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modality by reusing the fused modalities, which has excellent flexibil-
ity and generalization ability.

• To enable the pretrained MSA model to autonomously adapt to the per-
sonalized users, we propose a set of online learning techniques. Specif-
ically, the adaptive learning rate adjustment strategy can adjust the
learning rate according to the amount of data of personalized users.
The online meta-learning strategy can obtain more adaptive personal-
ized user parameters by optimizing the meta-task loss. The adaptive
weights assigning strategy endows different weights to data samples of
personalized users, thus to avoid catastrophic forgetting problems.

The structure of this work is outlined as follows: Section 2 provides an
overview of existing related works. Section 3 presents our pre-trained MSA
model. Section 4 presents online learning strategy. Section 5 details our
experiments and results analysis. Finally, Section 6 summarizes our contri-
butions and outlines future research directions.

2. Related Work

We delve into representative studies that address the MSA problem under
uncertain modalities missing.

2.1. MSA under Uncertain Modalities Missing

Recently, several outstanding MSA models have been proposed to solve
the problem of uncertain modalities missing. These models can be broadly
categorized into two main types: generative learning based models and joint
learning based models. In the following, we review the representative works
in each of these categories.

Generative learning based models: which propose to generate new
data by analyzing the distribution of the available modalities. Zhou et al. [22]
proposed a feature to enhance generator that is used to produce for missing
modal correlation characteristics of the generator based on neural network
end-to-end feature enhancements and depth. Zhang et al. [23] regard the
learning of multiview latent representations as a degenerate process, and
successfully achieve consistency and complementarity across different views.
Pham et al. [24] the multimodal network (MCTN) cycle translation, through
the loop between modal translation, learn to deal with missing modal ro-
bust coalition said. Research [25] based on the end-to-end translation put
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forward by the modal characteristics of the fusion model (TransM), through
the cycle of conversion between modal multimodal interaction. Liu et al. [18]
proposed the MTMSA model to transform visual and audio modalities into
text modalities to improve the quality of modalities to solve the problem of
lack of modal uncertainty and improve the accuracy of sentiment analysis.

Joint learning methods: which propose to learn the joint representa-
tion by exploring the interactions between different modalities [26]. Work [27]
enhances the accuracy of sentiment analysis through text-based reconstruc-
tion of missing information and guided fusion. Sun [12] introduced a strategy
to mitigate the impact of missing modalities by incorporating analogous con-
tent from other datasets. Work [28] proposed a unified self-distillation frame-
work (UMDF) for MSA that handles uncertain modalities missing by lever-
aging bidirectional knowledge transfer and multi-grained crossmodal inter-
actions to enhance the robustness and performance of the model. Work [27]
enhances the accuracy of sentiment analysis through text-based feature ex-
traction, reconstruction of missing information, and guided fusion.

Although existing works for MSA under uncertain modalities missing
are wonderful, the generalization ability of these models is weak, and these
models do not have self-learning ability. Therefore, they cannot address the
problem of personalized MSA under uncertain modalities missing.

3. MSA Model under Uncertain Modalities Missing with Pretrain-
ing (PMSAP)

In this section, we first present the problem studied in our work. Then, we
introduce the details of our proposed model PMSAP. Finally, we introduce
the pretraining process of our proposed model.

3.1. Problem Statement

Assume that the multimodal data for sentiment analysis contains three
modalities: P = [Xv, Xa, Xt], where Xv, Xa and Xt denote the visual, audio
and text modality, respectively. Without loss of generality, we denote the
missing modality by Xm

M , where M ∈ {v, a, t}. Table 1 outlines several pos-
sible scenarios of uncertain modalities missing. The first challenge addressed
in this work is to develop a robust sentiment analysis model for the data set
P while can handle uncertain modalities missing effectively. For convenience,
in the following sections, we use {Xm

v , Xa, Xt} to represent the multimodal
data of an individual user with uncertain modalities missing.
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Table 1: The seven possible scenarios of uncertain modalities missing.

Missing scenario Missing modality Multimodal data

No missing / P = [Xv, Xa, Xt]

Single missing Visual P = [Xm
v , Xa, Xt]

Single missing Text P = [Xv, Xa, X
m
t ]

Single missing Audio P = [Xv, X
m
a , Xt]

Multiple missing Visual & Text P = [Xm
v , Xa, X

m
t ]

Multiple missing Audio & Text P = [Xv, X
m
a , Xm

t ]

Multiple missing Visual & Audio P = [Xm
v , Xm

a , Xt]

3.2. The structure of PMSAP

The structure of PMSAP is depicted as Fig2, which contains two modules,
which are Fully Connected Neural Network Evaluation Module and Joint fea-
ture optimization module. Firstly, PMSAP generates the fused modality and
allocate weights for each modality with the first module. Then, PMSAP com-
pletes the final sentiment classification based on the fused modality through
the second module. Specifically, PMSAP deals with the uncertain modalities
missing as follows:

PMSAP first encodes the uncertain missing modalities (text, visual and
audio) with multi-head attention, and then it concatenates the embeddings
of the three modalities to form the fused modality. Next, it inputs the fused
modality into a self-attention module to realize the internal interaction and
generate the joint feature of the three modalities. Then, PMSAP estimates
the quality weight of each modality in the joint feature with a fully connected
neural network, and produces the weighted modalities through weighting
each modality with its quality weight. After that, the joint feature and each
weighted modality are fused to generate the optimized fusion feature of each
modality. Finally, the three optimized modalities are concatenated and the
final sentiment analysis results are obtained with the softmax function. The
details of the two modules of PMSAP are described as follows.

A. Fully Connected Neural Network Evaluation Module
In the Fully Connected Neural Network Evaluation module, we first use

the multi-head attention mechanism to realize the coding of the three modali-
ties, and then splice fusion and self-attention interaction to generate the joint
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Fig. 2. The structure of PMSAP.

features. Then, we dynamically compute weights for each modality feature
according to its quality with the linear transformation of the fully connected
layer, the nonlinear transformation of the tanh activation function and the
softmax weight normalization of the joint features. By this way, PMSAP
can adaptively adjust the weight of each modality according to the actual
situation of the input data, so that PMSAP can still maintain high sentiment
analysis accuracy when dealing with uncertain modalities missing.

With the multi-head attention mechanism and feed-forward neural net-
work, the FCNN deeply mines the complex interaction in the multi-modal
fusion features, and assigns weights to each modality based on the joint fea-
tures, thus to improve the accuracy and robustness of the model. Next, we
describe the implementation steps of the module in detail (which is illustrated
as Fig. 3).

Firstly, we utilize the multi-head attention mechanism to encode the text,
visual and audio modality, separately. Thus, to obtain the feature represen-
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Fig. 3. The specific process of Fully Connected Neural Network Evaluation Module

tation of each modality. For the input features Xi of each modality i, the
process of the multi-head attention mechanism can be expressed as Eq.(1):

Zi = MultiHead(Xi, Xi, Xi) (1)

where MultiHead represents the multi-head attention mechanism.
To further capture the nonlinear relationships within each modality, we

use a Feedforward Neural Network (FFN) for deep feature extraction based
on the output of the multi-head attention function. This process can be
described as Eqs. (2):

Fi = FFN(Zi) (2)

After this step, we can obtain the feature representations of three modal-
ities, which are denoted as Ft, Fa and Fv, respectively. Then, we concatenate
the features of each modality to get a fusion feature matrix:

Fall = Concat(Ft, Fα, Fν) (3)

After obtaining the fused features, we apply the multi-head attention
mechanism and feed-forward neural network to process the fused features,
thus to realize deeper interaction between modalities and the joint features.
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The process is described as Eqs.(4):

Z = MultiHead(Fall, Fall, Fall) (4)

Ffinal = FFN(Z) (5)

Then, the concatenated features are transformed into a weight matrix
through a linear transformation via a fully connected layer, enabling the
model to learn the correlations between different modality features. Sub-
sequently, the weight matrix undergoes a non-linear transformation with a
Tanh activation function, which allows the model to better capture the com-
plex relationships among the features. Finally, the weights are normalized
with the softmax function, thereby getting the weights according to the qual-
ity of each modality. This process can be described as Eqs. (6):

W = Softmax(Tanh(FfinalW1 + b1)) (6)

where W1 and b1 are trainable parameters in the neural network. The output
W is a modal weight matrix, which represents the quality of each modality,
and each column of the matrix represents the corresponding weight of each
modality. The Tanh activation function (hyperbolic tangent function) is
used to enhance the nonlinear expression ability of the neural network and
limit the output value range between -1 and 1, so as to better capture the
complex relationship in the data.

B. Joint Feature Optimization Module

Existing MSA models considering uncertain modalities missing always
fulfill sentiment analysis based on the fusion of the three modalities, but with-
out utilizing the fused modality to complete the uncertain missing modal-
ities. Actually, the fusion of the three modalities usually contains richer
emotional information than a single modality under uncertain modalities
missing. Moreover, the fused modality absorb the sentiment information of
each modality through the fusion interaction. Therefore, the fused modal-
ity is worth exploring and utilizing for completing the missing modalities.
Thus, we propose a new method to better complete the uncertain missing
modalities, that is, after fusing the three modalities, we further fuse the fused
modality with the original three modalities. By re-utilizing the fused modal-
ity, it not only can complete the missing modalities, but also can enhance
the quality of each modality.
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In the Joint Feature Optimization Module, we first multiply the features
of each modality by the corresponding weights evaluated by the fully con-
nected neural network to obtain the weighted features of each modality, this
can enable the better modality to play a greater role in features’ fusion. The
process for getting the weighted features can be described as follows:

F ′
t = Ft ×WtF

′
a = Fa ×WaF

′
ν = Fν ×Wν (7)

where Ft, Fa and Fv are the original features of each modality. Wt, Wa

and Wv are obtained by separating from each column in the matrix W and
represent the corresponding weights of each modality.

Then, the joint features are fused with the weighted feature of each modal-
ity, and the modality optimization is realized by deep interaction through the
fully connected layer, which can be presented as follows:

F ′′
t = Concat(F ′

t , Ffinal)

F ′′
a = Concat(F ′

a, Ffinal)

F ′′
ν = Concat(F ′

ν , Ffinal)

(8)

Next, the optimized modalities were fused to further deepen the interac-
tion of each modality information with Eqs. (9):

F ′′
final = Concat(F ′′

t , F
′′
a , F

′′
ν ) (9)

Finally, the F ′′
final is passed to the softmax function, and the final senti-

ment classification ŷ can be obtained with Eqs.
(10).

ŷ = Softmax(F ′′
final) (10)

C. Training Objective

For model PMSAP, the total loss is composed of the loss of multiple mod-
ules, including loss of the attention mechanism, loss of weight evaluation
for modality, loss of classification and loss of L2 Regularization. Each loss
function will be introduced as follows.

(1) Loss of the attention mechanism (Lattention): Within each modal-
ity, we use the multi-head attention mechanism to capture the context infor-
mation within the modality. The mechanism of different modal characteris-
tics of the query, the key and the value operation are helpful for generating
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better semantic representation features. The loss of the attention mechanism
is calculated with the cross entropy, which is defined as Eqs. (11):

Lattention =
H∑

h=1

Lheadh (11)

where H represents the number of heads of multi-head attention, Lheadh

represents the loss of the h− th attention head.
(2) Loss of weight evaluation for modality (Lweight): To allocate

weights for multimodal fusion, we proposed the fully connected neural net-
work evaluation module. The loss of this module is defined as Eqs. (12):

Lweight = −
H∑

h=1

pi log(p̂i) (12)

where pi means the actual weight distribution, p̂i denotes the modal weight
predicted by the module. By optimizing this loss, we are able to obtain the
optimal weights for each modality for features fusion.

(3) Loss of L2 Regularization (Lregularization): To prevent overfitting
of the model during training, the L2 regularization is adopted. L2 regular-
ization works by adding a penalty term of sum of squares to all the trainable
parameters of the model. Loss of L2 Regularization is defined as Eqs. (13):

Lregularization =
∑

j

∥θj∥22 (13)

where θj denotes the j-th trainable parameter in the model.
(4) Loss of Classification (Lcls): The F

′′
final is fed into a fully connected

network with softmax activation function for the sentiment classification, and
generating prediction score ŷ, which is obtained with Eq. (14):

ŷ = softmax
(
WcF

′′
final + bc

)
(14)

where Wc and bc are the learned weights and biases, respectively. In this
work, we employ the standard cross-entropy loss for classification, so, the
loss function of classification is defined as Eq. (15):

Lcls = −
1

N

N∑

n=1

yn log ŷn (15)
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where N indicates the number of samples, yn means the true label of the nth

sample, and ŷn denotes the predicted label.
(5) The total loss function (Ltotal): the total loss function of the model

is the weighted sum of the losses of modules, which is defined as Eqs. (16):

Ltotal = Lattention +Lcls +Lweight + λ ·Lregularization (16)

where λ is the weight hyperparameter of the regularization term. In our
experiments, we tune the loss of each part and finally obtain the best per-
formance. Moreover, the whole calculation process of the PMSAP model is
described as Algorithm 1.

D. Pretraining with public datasets

For MSA for a personalized user, the amount of multimodal data about the
personalized user is relatively small, making it difficult to train a better MSA
model for the personalized user. Inspired by the idea of pretraining of Large
Models, we propose to pretrain our proposed model (introduced in Section
3.2.) with some public datasets (e.g.), thus to enable the model to learn
rich and generalizable feature representations, and thus to have preliminary
MSA ability for personalized MSA [29] (which is named as PMSAP). This
not only can reduce the cost for collecting large-scale multimodal data about
the personalized user, but also can provide a model with good initial abil-
ity for personalized MSA. The training process for our proposed model is
described as follows:

4. Personalized MSA via Online Learning

Although model PMSAP has preliminary MSA ability, but its perfor-
mance is not perfect in personalized MSA, which has been proved with some
experiments (which will be presented in the experiment Section). There-
fore, it needs to enable PMSAP to autonomously learn the characteristics
of the personalized users. To solve this problem, we propose to adjust the
parameters of pretrained model PMSAP through a series of online learning
techniques, so as to get an effective model for personalized MSA (named as
PMSAPO). In the following sections, we will introduce the online learning
strategies in details.

A. Adaptive adjustment of the learning rate

Firstly, with the continuous use of PMSAP for personalized users, the learn-
ing rate of PMSAP is gradually reduced, so that the model can quickly adapt
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Algorithm 1: : Personalized Multimodal Sentiment Analysis under

Uncertain Modalities Missing

Input: The complete multimodal data: [Xv, Xt, Xa], where
Xm ∈ Rlm×dm ,m ∈ {v, t, a};

Multimodal data with uncertain modalities missing : [XM
v , Xt, Xa], where

XM
m ∈ Rlm×dm ,m ∈ {v, t, a}, M denotes missing modality.

Output:The predicted sentiment category ŷ

1: Phase I. In the Fully Connected Neural Network Evaluation Module
2: Encoder: Produce the encoded representation Fv,Ft,Fa of each modality

according to Eqs. (1)-(3)
3: Fv ← encoder (XM

v , XM
v , XM

v )
4: Ft ← encoder (Xt, Xt, Xt)
5: Fa ← encoder (Xa, Xa, Xa)
6: Concatenate the encoded representations of all modalities.
7: Fall ← [Fv||Fa||Ft]
8: Apply multi-head attention and feed-forward networks to the concatenated

representation.
9: Fall ← multihead attention (Fall, Fall, Fall)
10: Ffinal ← ff (Fall)
11: Compute the attention weights for each modality.
12: Wm ← Dense(Fall,units = 3, activation = tanh)
13: Wm ← softmax(Wm, axis = 2)
14: Wv ←Wm[:, : lv, 0 : 1]
15: Wa ←Wm[:, lv : lv + la, 1 : 2]
16: Wt ←Wm[:, lv + la :, 2 : 3]
17: Phase II. In the Joint feature optimization module
18: Weight the encoded representations of each modality.
19: F ′

v ← Fv ×Wv

20: F ′
a ← Fa ×Wa

21: F ′
t ← Ft ×Wt

22: Concatenate the encoded representations and the flag data.
23: F ′′

v ← concat ([F ′
v, Ffinal])

24: F ′′
a ← concat ([F ′

a, Ffinal])
25: F ′′

t ← concat ([F ′
t , Ffinal])

26: Concatenate the projected representations.
27: F ′′

final ← [F ′′
v ||F ′′

a ||F ′′
t ]

28: Phase III. Predict the Sentiment Category
29: ŷ ← softmax(F ′′

final)
30: Return ŷ
31: End
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to personalized users when the amount of user data is small. This strategy
can enable the model to learn more detailed characteristics of the person-
alized user when the amount of user data is large. Moreover, during the
application process, the model calculates the loss with the current batch of
data, and dynamically adjusts the learning rate based on changes in the loss,
so as to avoid getting stuck in local optimal due to continuously decreasing
learning rates. By combining the loss changes, this strategy enables more
precise control of the learning rate at different stages of user usage, thereby
improving the model’s optimization effectiveness and performance. Overall,
this strategy ensures that the learning rate decreases adaptively with the
application of PMSAP, allowing the model to automatically adapt to the
personalized user.

Specifically, the initial learning rate is set to α0, which decreases as the
number of learning steps increases, the formula is defined as Eqs. (17):

α = α0β
t
T (17)

where β is the decay factor of the learning rate (0¡β¡1), t indicates the current
number of steps, and T means the preset step interval. This formula ensures
that the learning rate gradually decreases over time, so that when the amount
of user data is limited, a larger learning rate is employed to enable the model
to rapidly adapt to new users. As the amount of user data grows, the learning
rate adaptively decreases, allowing the model to capture more nuanced and
detailed characteristics of the user.

The adjustment of the combined loss is shown below: through the evalu-
ation of the loss, if the loss of the current batch Lpost is significantly better
than the loss of the previous batch Lpre(i.e., Lpost < Lpre × (1 − θ), where
θ is a preset performance improvement threshold.), the model will keep the
current learning rate and continue to optimize. If the current loss Lpost does
not show significant improvement compared to the previous loss Lpre(i.e.,
Lpost >= Lpre × (1 − θ)), the learning rate is appropriately increased to
enable larger exploration. The formula for increasing the learning rate is
defined as Eqs. (18):

α = α× η (18)

where η denotes the increasing factor of the learning rate.
Moreover, if the loss does not improve significantly for N consecutive

steps (where N is a predefined patience value), the learning rate is halved to
allow the model to reintroduce some exploration capability, thus to prevent
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the model from getting stuck in local optima. The formula for this operation
is defined as Eqs. (19):

α = α× 0.5 (19)

Regarding the gradient accumulation aspect, considering the real-time
requirements of online learning, the model employs a strategy that combines
gradient accumulation with step size updating Specifically, after every N
batches, the accumulated gradients are used to update the model’s parame-
ters. This process is described as formula (20):

θt+1 = θt −
α

N

N∑

i=1

∇θLi (20)

where θ means the model’s parameter, Li is the loss function of the i batch
data. Through this gradient accumulation strategy, the fluctuation of each
parameter can be effectively reduced and the stability of online learning can
be improved.

B. Online meta-learning method

To further enhance the generalization and adaptability of model PMSAP and
to ensure more effective continuous learning and updating, we propose an
online meta-learning method. Meta-Learning is a machine Learning method
with the main idea as ”Learning to Learn”. Meta-learning tries to get the
optimal parameter initialization point by allowing the model to learn from
multiple tasks, so that the model can quickly converge on new tasks, so as
to quickly adapt to new tasks and improve the generalization ability and
learning efficiency of the model. However, meta-learning cannot conduct on-
line learning. For this issue, we improve meta-learning through the following
operations: treating different batches of personalized user data as multiple
tasks in meta-learning, treating each application of PMSAP as a new task,
and adjusting the related structure to make meta-learning to realize online
learning. Through the online meta-learning strategy, PMSAP can learn to
learn and quickly adapt to the personalized users.

In this work, the online meta-learning process is divided into an inner
loop and an outer loop. In the inner loop, parameters are updated based
on the loss for each batch of data, followed by another loss calculation to
obtain the relevant gradients, known as meta-gradients. However, the pa-
rameters are not updated immediately after obtaining the meta-gradients;
instead, these gradients are accumulated over multiple batches. When the
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accumulated gradients reach a preset number, the outer loop is triggered,
where the global parameters are updated with the meta-optimizer based on
the accumulated meta-gradients. After the updating, the accumulated gra-
dients are reseted to zero for the next accumulation cycle. The inner loop
focuses on the model’s rapid adaptation to each small batch of samples, while
the outer loop is responsible for optimizing the model’s overall performance
across multiple tasks. This nested structure of inner and outer loops en-
ables the model to learn quickly in complex tasks while maintaining good
generalization capabilities.

Specifically, we assume that the input data for the model PMSAP is the
multimodal dataset (xm

i , yi)
N
i−1. Here, x

m
i represents the m modality input of

the i sample, yi denotes its corresponding sentimental label, m indicates the
number of modalities, and N is the total number of samples.

The meta-loss is obtained through the standard forward propagation pro-
cess of the model. The loss function is defined as Eq. (21):

Ltask = −
1

N

N∑

i=1

yi log(ŷi) (21)

where ŷi represents the final sentiment classification generated.
Let assume that the parameters at step t is θt, and the current meta-loss

for data is Lt
task. Then, the meta-gradient can be calculated with Eq. (22):

gt = ∇θtL
t
task (22)

The procedure for aggregating meta-gradients across multiple batches is
described as Eq. (23).

Gmeta =
T∑

t=1

gt (23)

The global parameters θ are subsequently updated by incorporating the
accumulated gradients with Eq. (24):

θ = θ − βGmeta (24)

where β is the meta-learning rate.

C. Assigning weights to different samples

In this work, to avoid the catastrophic forgetting problem in online learning,
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we propose the strategy to assigning weights to different samples. That is,
we assign a weight si to each sample data of the personalized users, which is
initially set as 1 and then gradually increases it over time, which is described
as Eq. (25)

si = 1 + 0.01 · t− t0
T

(25)

where t0 means the time step at which the model starts online learning, and
T denotes the total training time step.

The loss function based on the sample weight is defined as Eq. (26)

Lweighted =
N∑

i=1

si ·Li
task (26)

According to our proposed strategy, the new and old samples will have
different weights to represent the different attention of the new and old sam-
ples, and the weights are not too different to better balance the new and old
samples. Finally, the weights of the old and new samples were fused during
the parameters’ updating, so as to better balance the contributions of the old
and new samples. Therefore, this strategy allows model PMSAP to pay more
attention to the current samples without forgetting the previous samples too
much.

The combination of pretraining and online learning strategy ensures that
the model can acquire general knowledge from large-scale public datasets
while making fine-grained adjustments of the personalized users, thus to ul-
timately achieve superior performance in personalized multimodal sentiment
analysis.

5. Experiments

To assess the effectiveness of PMSAPO, we performed comprehensive
experiments on three widely recognized public datasets: IEMOCAP[30],
MELD[21] and CMU-MOSI[31]. In the subsequent sections, we first intro-
duce these datasets and the data preprocessing procedures. We then describe
the experimental setup and the baseline models used for comparison. Next,
we introduce the experiments on proving the performance of PMSAPO in
dealing with uncertain modalities missing. Then, we describe the experi-
ments on proving the performances of PMSAPO in dealing with personalized
MSA. Finally, the ablation experiments are presented and analyzed.
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5.1. Benchmark Datasets

In our experiments, three MSA benchmark datasets (IEMOCAP, MELD
and CMU-MOSI) are used to verify the performance of our proposed model
PMSAPO. These three datasets and their features and processing process
are explained in detail as follows.

IEMOCAP[30]: IEMOCAP is a recorded video dataset consisting of 5
binary dialogue sessions, each of which has about 30 videos and contains at
least 24 utterances. Each sample in this dataset is labeled with emotion labels
such as neutral, frustration, anger, sadness, happiness, excitement, surprise,
fear, and disappointment. In our experiments, a binary classification exper-
iment is conducted in IEMOCAP to map sentiment labels into positive and
negative. Specifically, negative sentiment labels include frustration, anger,
sadness, fear, and disappointment, while positive sentiment labels include
happiness and excitement.

MELD[21]: MELD contains 13,708 utterances from 1,433 conversations
from the Friends TV series. Each conversation was annotated with sentiment
labels such as happy, angry, sad, neutral, surprise, disgust, and fear. In our
experiments, three classification experiments are conducted in MELD, so the
sentiment labels are mapped as negative, neutral and positive in our experi-
ments. Specifically, negative sentiment labels include anger, sadness, disgust,
and fear, while positive sentiment labels include happiness and surprise.

CMU-MOSI[31]: The Carnegie Mellon University Multimodal Opinion
Sentiment and Intensity (CMU-MOSI) dataset consists of 2,199 monologue
video segments extracted from 93 YouTube movie reviews. Each segment
is annotated with a sentiment score ranging from -3 to 3, capturing a fine-
grained spectrum of sentimental expressions. In our experiments, we con-
ducted binary classification on CMU-MOSI, specifically focusing on negative
and positive labels. Table 2 presents a detailed breakdown of the class dis-
tributions for three datasets.

5.2. Preprocessing of Benchmark Datasets

We adopt the method used in [32] to conduct multi-modal features extrac-
tion of the three benchmark datasets IEMOCAP, MELD and CMU-MOSI.
Next, we introduce the feature extraction methods of each modality in detail.

Visual Modality Feature Extraction: We employed the OpenFace2.0
toolkit [33] to extract a comprehensive set of 709-dimensional facial features.
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Table 2: Distribution of different sentimental label counts in the IEMOCAP, MELD and
CMU-MOSI datasets

Category Partition Neg. Neu. Pos.

Two-classes (IEMOCAP)
Train Set 3219 - 1299
Test Set 859 - 337

Three-class(MELD)
Train Set 2945 4708 2333
Test Set 833 1256 521

Two-classes(CMU-MOSI)
Train Set 914 - 996
Test Set 108 - 42

Note: “Partition” represents Dataset Partition, “Neg.” represents negative
labels, “Neu.” represents neutral labels, “Pos.” represents positive labels. “-”
indicates that the corresponding category is not applicable in the two-classes.

These features encompass temporal information, confidence metrics, recog-
nition flags, ocular movements, head orientation, and facial dynamics, pro-
viding a rich representation of facial characteristics.

Text Modality Feature Extraction: To leverage the power of trans-
fer learning, we utilized a pre-trained BERT model [34] to generate 768-
dimensional textual embeddings. These embeddings capture rich semantic
and contextual information, enabling effective representation of textual con-
tent.

Audio Modality Feature Extraction: The audio data preprocess-
ing included mono-mixing and resampling to 16 kHz. For each 512-sample
frame, we extracted a 33-dimensional feature vector, which combines the
zero-crossing rate, Mel-frequency Cepstral Coefficients (MFCC), and Con-
stant Q Transform (CQT) features. This extraction process was facilitated
using the Librosa library [35], ensuring high-quality feature representation.

To ensure a fair performance comparison, we preprocessed the data pro-
vided by [32] with the same preprocessing steps for all baseline models and
our proposed model. This standardized approach helps in maintaining con-
sistency and reliability in models’ evaluation.

5.3. Experiment Settings

Our experiments were carried out on a high-performance computing sys-
tem with the following configuration: Windows 10 operating system, Intel®
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Table 3: Parameter settings of PMSAPO

Description Symbol Value

Epoch number e 15
Missing rate η [0.1-0.5]
Hidden size d 300
Batch size b 32

Maximum video length nv 100
Maximum audio length na 150
Maximum text length nt 25

Loss weights λ 0.1

Core™ i9-10900K CPU, NVIDIA RTX 3090 GPU, and 96GB of RAM. The
model was implemented with TensorFlow version 1.14.0 and Python 3.7. The
hyperparameters used in our experiments are summarized in Table 3.

To evaluate the performance of our proposed model, two widely-recognized
evaluation metrics are adopted, which are accuracy (Acc) and macro-F1 score
(M-F1), and are defined as Eq. (27) and Eq. (28):

Acc =
Ntrue

N
(27)

M-F1 =
2PR

P +R
. (28)

where Ntrue represents the number of correctly classified samples, N denotes
the total sample size, P signifies the precision and R indicates the recall
value.

5.4. Baseline Models

To illustrate the effectiveness of PMSAPO, we selected twelve state-of-
the-art models as baseline models, which are introduced as follows:

• AE [36]: A robust framework for analyzing both linear and non-linear
self-encoding architectures, aimed at optimizing the consistency be-
tween input and output in neural networks.
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• CRA [37]: An advanced technique for reconstructing missing modalities
using cascaded residual autoencoders, which enhance input approxima-
tion through residual connections.

• MCTN [24]: A novel method that employs inter-modal translation to
strengthen cross-modal interactions and joint relationship learning.

• TransM [25]: An innovative end-to-end translation-based model for
multimodal feature fusion, facilitating dynamic interactions between
modalities through cyclic translation mechanisms.

• MMIN [38]: A highly refined feature reconstruction model is proposed
to address the challenge of missing modalities. This model deploys cas-
caded residual auto-encoders in conjunction with bidirectional imagi-
nation modules to carry out cross-modal transformations.

• ICDN [17]: An integrated approach that combines consistency and
difference networks, leveraging cross-modality Transformers to map in-
formation effectively across different modalities.

• MRAN [39]: A state-of-the-art model that employs multimodal and
missing index embeddings to guide feature reconstruction, aligning
audio-visual features with textual data to address modality absence.

• TATE C [32]: An advanced tag-assisted Transformer encoder designed
to manage uncertain modalities, integrating pre-trained models to en-
hance joint representation learning.

• MTMSA [18]: A modality translation method that converts visual and
audio into text modality, effectively managing missing modalities and
capturing deep cross-modal interactions.

• TATE J [40]: An improved version of TATE C, introducing modality-
specific weighting schemes to maximize the utilization of each modal-
ity’s unique characteristics.

• TgRN [27]: A text-guided method that enhances the accuracy of senti-
ment analysis through text-based feature extraction, reconstruction of
missing information, and guided fusion.
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• SMCMSA [12]: In scenarios with missing modalities, this model selects
similar samples from a pre-constructed comprehensive modality sample
database to impute the missing data.

Table 4: Performances of models when missing a single modality on the IEMOCAP dataset
(the best results are bolded)

Datasets Models
0 0.1 0.2 0.3 0.4 0.5

M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC

IEMOCAP

AE 76.15 82.09 75.24 80.26 75.02 78.01 73.92 77.43 70.19 76.01 67.27 76.43

CRA 77.05 82.13 75.95 80.97 75.13 78.09 74.02 78.11 70.69 76.12 67.75 76.49

MCTN 78.57 82.27 77.74 81.02 75.37 78.27 74.69 78.52 71.75 76.29 68.17 76.63

TransM 79.57 82.64 78.03 81.86 76.33 80.43 75.83 78.64 72.01 77.27 68.57 76.65

ICDN 77.37 82.81 76.46 81.34 74.13 80.56 65.00 78.04 73.26 75.17 60.50 73.35

MRAN 81.21 85.98 81.06 84.88 80.61 84.38 79.99 83.51 78.63 82.90 75.82 81.33

MMIN 80.83 83.43 78.85 82.58 77.09 81.27 76.63 80.43 72.81 78.43 70.58 77.45

TATE C 81.15 85.39 79.99 85.09 79.10 84.07 78.45 83.25 76.74 82.75 74.43 82.43

MTMSA 81.36 86.14 81.81 85.24 81.47 84.46 80.20 84.28 79.53 82.94 75.84 82.55

TATE J 81.76 86.46 81.25 85.24 79.57 84.80 78.06 83.76 77.84 82.97 75.76 82.51

TgRN 82.53 86.38 81.87 84.98 80.33 83.49 79.21 83.54 77.47 82.97 76.21 82.17

SMCMSA 84.17 87.84 82.10 85.64 81.92 85.05 80.21 84.80 79.99 83.78 77.64 83.36

Ours 85.21 89.16 84.72 88.51 83.69 87.45 82.97 87.31 82.47 86.33 80.09 84.90

Table 5: Performances of models when missing a single modality on the MELD dataset
(the best results are bolded)

Datasets Models
0 0.1 0.2 0.3 0.4 0.5

M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC

MELD

AE 56.27 61.75 55.62 60.47 54.96 59.77 54.57 59.42 52.99 57.76 51.39 56.61

CRA 58.51 63.63 56.61 61.68 55.01 61.17 53.92 59.74 52.06 58.20 52.11 55.84

MCTN 57.93 62.44 56.31 61.82 56.29 61.33 55.45 61.26 54.76 59.48 53.96 57.41

TransM 57.18 61.33 56.66 61.27 54.42 60.54 54.17 59.21 54.07 58.96 53.98 57.64

ICDN 56.01 62.29 53.88 60.69 55.89 61.97 55.48 61.26 54.33 59.57 53.41 58.54

MRAN 58.26 63.24 56.23 61.64 55.26 61.51 53.47 59.82 53.84 59.08 53.06 57.86

MMIN 58.46 63.14 56.89 61.65 55.13 61.19 53.85 60.68 52.07 59.62 49.25 56.97

TATE C 59.09 64.31 58.43 63.61 57.96 62.80 56.52 61.67 55.29 59.39 55.21 59.71

MTMSA 58.47 64.19 57.29 62.81 57.15 62.50 55.12 62.11 54.08 60.88 53.95 60.58

TATE J 64.11 66.53 61.96 65.31 61.49 65.01 60.77 63.80 60.28 63.52 59.18 62.61

TgRN 63.87 67.97 62.87 67.33 62.57 66.33 60.48 63.57 61.95 64.33 58.67 61.84

SMCMSA 63.78 68.79 62.94 67.81 62.49 67.00 62.06 66.15 61.28 64.51 60.11 64.06

Ours 66.78 70.63 66.38 69.50 65.68 68.75 64.83 67.97 63.16 66.84 61.76 65.36

5.5. Performance of PMSAPO in Dealing with Uncertain Modalities Missing
with 2-classification and 3-classification

To assess the efficacy of the PMSAPO model in resolving the MSA prob-
lem under uncertain modalities missing in less-classification, we conduct ex-
periments by implementing 2-classification (negative and positive) on the
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Table 6: Performances of models when missing a single modality on the CMU-MOSI
dataset (the best results are bolded)

Datasets Models
0 0.1 0.2 0.3 0.4 0.5

M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC

CMU-MOSI

AE 74.65 83.59 73.74 78.76 72.25 76.53 71.47 75.99 70.96 74.51 65.77 72.93

CRA 75.51 83.63 74.56 82.47 73.63 76.59 72.57 75.61 71.16 74.63 66.25 71.99

MCTN 77.07 83.66 76.21 82.52 73.79 76.44 73.19 75.92 72.15 74.73 66.79 73.86

TransM 81.17 84.41 76.57 83.67 74.39 81.69 74.03 79.81 70.51 78.77 67.67 75.91

ICDN 75.87 84.31 74.69 82.14 72.36 82.07 71.51 79.45 71.26 75.67 69.00 72.78

MRAN 82.75 85.87 82.52 85.38 79.11 81.07 78.92 80.01 77.33 79.40 74.32 78.38

MMIN 82.33 84.36 77.53 84.18 78.59 82.66 77.31 79.39 74.13 78.38 72.58 75.59

TATE C 82.99 85.87 80.49 83.68 80.60 83.57 79.95 82.57 78.24 80.51 76.93 79.39

MTMSA 84.97 86.33 81.48 83.66 81.56 83.44 80.69 82.66 78.24 80.47 75.95 80.05

TATE J 84.33 86.09 82.73 84.90 81.67 83.88 78.36 81.90 76.52 81.09 75.82 79.09

TgRN 84.78 86.36 82.79 84.77 81.33 83.33 79.66 82.78 77.01 80.98 76.32 79.98

SMCMSA 85.37 86.96 83.09 85.63 82.41 84.41 81.74 83.84 79.47 82.78 78.67 80.69

Ours 86.48 88.51 85.15 88.07 83.97 86.68 83.69 85.06 81.98 83.86 80.17 82.83

IEMOCAP and CMU-MOSI datasets, and 3-classification (negative, neu-
tral and positive) on dataset MELD. In this experiment, the online learning
strategies are not executed, so, we use PMSAP to denote our proposed model.
This experiment consists of two parts, the first part considered the case of
single modality missing, and the second part considered the case of multi-
ple modalities missing. Experimental results of the 12 baseline models on
dataset IEMOCAP are picked from work [12], experimental results of the 12
baseline models on dataset MELD are obtained by reproducing all models.
In the following sections, we will introduce the two experimental segments
in detail.

Experiment on single modality missing. In this experiment, the
modality missing rate is set to 0, 0.1, 0.2, 0.3, 0.4 and 0.5, respectively.
Experimental results are presented in Table 4, Table 5 and Table 6.

From Table 4 we can find that, on dataset IEMOCAP, our proposed PM-
SAP model outperforms the other 12 baseline models in the two evaluation
metrics (ACC and M-F1) on all missing rates (0, 0.1, 0.2, 0.3, 0.4 and 0.5).
Especially, compared with other baseline models, when the missing rate is
0.2, our proposed model PMSAP increase the metric M-F1 from 1.77% to
8.67%, and improve the values of ACC from 2.40% to 9.44%.

From Table 5 we can find that, on dataset MELD, for all the missing
rates (0, 0.1, 0.2, 0.3, 0.4 and 0.5), PMSAP outperforms the other 12 baseline
models in terms of the two evaluation metrics ACC and M-F1. Especially,
compared with other baseline models, when the missing rate is 0.5, our pro-

25

                  



Table 7: Performance of models when missing multiple modalities on the IEMOCAP
dataset (the best results are bolded)

Datasets Models
0 0.1 0.2 0.3 0.4 0.5

M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC

IEMOCAP

AE 76.15 82.09 75.07 79.84 74.20 76.91 71.55 76.07 69.73 75.16 67.15 75.22

CRA 77.05 82.13 75.21 79.95 74.22 77.03 71.86 76.41 70.13 75.29 67.31 75.42

MCTN 78.57 82.27 76.83 80.56 74.77 77.89 72.27 77.03 71.02 75.84 67.51 75.88

TransM 79.57 82.64 77.21 81.13 75.87 79.01 72.36 78.15 71.38 76.88 68.02 76.04

ICDN 77.37 82.81 72.56 79.25 71.73 78.99 69.94 77.17 69.59 74.65 68.98 73.26

MRAN 81.21 85.98 80.22 85.07 79.86 83.60 79.14 82.89 75.80 81.25 68.61 78.30

MMIN 80.83 83.43 78.02 82.23 76.38 79.53 73.05 79.02 71.22 77.27 69.39 77.01

TATE C 81.15 85.39 78.37 83.63 77.55 82.33 76.14 82.21 74.09 81.94 72.49 80.57

MTMSA 81.36 86.14 80.28 85.17 80.39 84.12 79.30 83.85 76.07 83.07 74.80 82.03

TATE J 81.76 86.46 80.67 85.30 79.12 83.77 78.99 84.64 78.44 82.75 76.97 82.25

TgRN 82.53 86.38 80.33 83.87 78.97 81.66 78.09 81.03 77.02 80.33 75.33 79.68

SMCMSA 84.17 87.84 81.55 85.81 80.55 84.38 78.29 82.93 74.47 80.49 77.35 82.85

Ours 85.21 89.16 84.03 88.26 83.47 87.33 82.19 87.12 81.88 85.74 78.11 84.08

posed model PMSAP increase the metric M-F1 from 1.65% to 12.51%, and
improve the values of ACC from 1.30% to 9.52%.

In addition, From Table 6 we can find that on the CMU-MOSI dataset,
for all the missing rates (0, 0.1, 0.2, 0.3, 0.4 and 0.5), PMSAP outperforms
the other 12 baseline models in terms of the two evaluation metrics ACC and
M-F1. Therefore, based on the experimental results in Table 4, Table 5 and
Table 6 can be concluded that our proposed model PMSAP is effective in
solving the problem of MSA when a single modality missing. Compared to
the second-best performing model (SMCMSA), on the IEMOCAP dataset,
our proposed model PMSAP has an average increase of 2.19% in M-F1 and
2.20% in ACC. On the MELD dataset, PMSAP increase M-F1 by 2.66%
on average, and improves ACC by 1.79% on average. On the CMU-MOSI
dataset, PMSAP increase M-F1 by 1.78% on average, and improves ACC by
1.79% on average.

Experiment on multiple modalities missing. In this experiment,
multiple modalities uncertain missing are generated by randomly setting
modality missing rates (0, 0.1, 0.2, 0.3, 0.4 and 0.5) for three modalities
in datasets IEMOCAP and MELD. Experimental results are presented in
Table 7, Table 8 and Table 9.

From Table 7 we can find that, on dataset IEMOCAP, for all the missing
rates (0, 0.1, 0.2, 0.3, 0.4 and 0.5), our proposed model PMSAP obtains
the best results of ACC and M-F1 among the 12 baseline models. And from
Table 8 and Table 9 we can find that, on the MELD dataset and CMU-MOSI
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Table 8: Performance of models when missing multiple modalities on the MELD dataset
(the best results are bolded)

Datasets Models
0 0.1 0.2 0.3 0.4 0.5

M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC

MELD

AE 56.27 61.75 55.00 60.36 54.78 59.51 54.18 58.48 52.74 57.37 50.64 55.34

CRA 58.51 63.63 55.63 61.13 54.35 59.96 53.47 58.77 51.91 57.18 51.07 55.56

MCTN 57.93 62.44 56.29 61.63 56.23 60.91 55.28 59.29 54.68 58.85 52.19 55.38

TransM 57.18 61.33 56.25 61.13 56.07 60.36 54.09 58.44 53.32 57.19 53.10 56.77

ICDN 56.01 62.29 53.85 60.43 54.76 59.61 53.36 59.02 52.44 57.71 51.48 57.23

MRAN 58.26 63.24 56.14 61.63 55.15 60.67 53.07 59.11 53.76 58.91 51.63 56.34

MMIN 58.46 63.14 56.49 61.52 54.23 60.94 53.27 60.02 51.54 59.53 48.76 56.58

TATE C 59.09 64.31 58.13 63.14 57.89 62.19 55.91 61.54 54.62 58.51 53.87 57.53

MTMSA 58.47 64.19 57.14 62.31 56.32 62.38 54.60 61.51 53.54 60.85 52.59 59.63

TATE J 64.11 66.53 61.03 65.28 59.53 64.96 58.29 63.52 57.13 62.19 56.22 60.90

TgRN 63.87 67.97 61.67 65.02 60.33 64.33 58.87 62.17 57.23 61.58 56.33 60.18

SMCMSA 63.78 68.79 62.29 66.31 61.46 65.63 60.44 64.68 57.37 62.74 56.91 62.18

Ours 66.78 70.63 66.21 69.33 64.74 68.44 64.02 67.22 62.05 66.47 60.76 65.08

dataset, for all the missing rates (0, 0.1, 0.2, 0.3, 0.4 and 0.5), our proposed
PMSAP model outperforms the other 12 baseline models on two evaluation
metrics (ACC and M-F1).

Compared to the second-best performing model (SMCMSA), on dataset
IEMOCAP, our proposed model PMSAP improves the value of M-F1 by
3.09% on average, and increase the value of ACC by 2.90% on average. On
the MELD dataset, our proposed model PMSAP improves M-F1 by 3.72%
on average, and enhances ACC by 2.81% on average. On the CMU-MOSI
dataset, our proposed model PMSAP improves M-F1 by 1.65% on average,
and enhances ACC by 2.25% on average.

Based on the above experimental results, it can be concluded that the
overall performance of our proposed model PMSAP is better than other
baseline models when solving MSA under uncertain modalities missing.

Theoretical Analysis. From Table 4, Table 5, Table 6, Table 7, Table
8 and Table 9 we can find that, the MCTN and TransM models have better
performance than models AE and CRA. This can prove that the recurrent
translation mechanism adopted in model MCTN and TransM can extract
and integrate information from different modalities more effectively than the
autoencoder mechanism used in the models AE and CRA.

Compared with models MTMSA and TgRN, our proposed model PM-
SAP has acheieved more excellent results. This is because that both the
MTMSA and TgRN models take the text modality as the dominant modal-
ity. MTMSA translates all the modalities into the text modality to address
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Table 9: Performance of models when missing multiple modalities on the CMU-MOSI
dataset (the best results are bolded)

Datasets Models
0 0.1 0.2 0.3 0.4 0.5

M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC

CMU-MOSI

AE 74.65 83.59 75.87 80.84 71.70 76.41 70.15 75.57 68.23 73.66 65.65 70.72

CRA 75.51 83.63 74.19 81.45 73.72 76.53 72.36 74.91 71.63 74.19 66.03 70.92

MCTN 77.07 83.66 76.17 81.86 73.27 76.39 73.17 74.53 72.12 74.34 66.01 72.38

TransM 81.17 84.41 75.71 82.63 73.37 80.51 73.16 79.65 70.08 78.38 67.52 75.54

ICDN 75.87 84.31 73.06 80.75 72.23 80.49 71.44 78.67 71.09 75.15 68.48 72.76

MRAN 82.75 85.87 81.72 84.57 78.36 81.00 78.64 80.01 76.30 79.35 70.11 76.80

MMIN 82.33 84.36 77.52 83.73 77.88 81.03 74.55 79.02 72.72 77.77 70.89 74.51

TATE C 82.99 85.87 80.17 83.13 79.05 82.83 77.64 81.71 75.59 79.44 73.99 77.07

MTMSA 84.97 86.33 80.29 83.46 81.36 83.42 79.39 82.31 76.32 80.31 74.88 78.31

TATE J 84.33 86.09 82.68 84.31 79.73 82.31 78.21 81.66 76.21 80.13 75.44 78.88

TgRN 84.78 86.36 82.33 84.07 80.11 82.51 77.77 80.11 76.12 80.02 75.80 78.51

SMCMSA 85.37 86.96 82.91 85.19 82.32 84.38 80.86 83.48 78.10 80.72 77.03 79.05

Ours 86.48 88.51 84.20 87.63 83.59 86.41 82.83 84.77 80.88 83.38 78.53 82.59

the issue of uncertain modalities missing, while TgRN uses the text modality
to guide the feature learning and reconstruction of other modalities to solve
the problem of uncertain modalities missing. The two models primarily rely
on the text modality, therefore, once the text modality is missing, the abil-
ity of these models in handling the missing modalities will be significantly
reduced, thereby severely affecting the performance of the two models. In
contrast, our proposed PMSAP relies on fused features rather than a single
modality. Consequently, PMSAP exhibits better robustness, adaptability,
and generalization ability, thus to acheive the most superior performance.

Compared with model SMCMSA, our proposed model PMSAP also shows
more excellent results. This is because that SMCMSA tries to complete the
missing modalities by searching for similar samples. However, there are two
issues with this approach. Firstly, the quality of the similar samples found is
unstable. Secondly, as the degree of modality missing increases, it becomes
extremely difficult for SMCMSA to find highly-matching similar samples. In
contrast, our proposed PMSAP model does not need to introduce additional
samples. It only needs the fused features within the current sample, thus
avoiding the aforementioned problems.

From Table 4, Table 5, Table 6, Table 7, Table 8 and Table 9, it can
be observed that as the missing rate increases, all indicators of PMSAP
decline. This is because a higher missing rate implies fewer available features.
Consequently, there are fewer reference features for generating new features
through interaction. Moreover, the quality of the fused modality is closely
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related to the features of the available modalities. As the number of available
features decreases, the quality of the fused modality also deteriorates.

5.6. Performance of PMSAPO in Dealing with Uncertain Modalities Missing
with 4-classification and 7-classification

Table 10: Distribution of multi-class sentimental label counts in the IEMOCAP dataset

Category Par. Hap. Ang. Sad Neu. Fru. Exc. Sur.

Four-class
Train 367 655 661 1016 - - -
Test 228 448 423 692 - - -

Seven-class
Train 354 670 636 1013 1109 608 57
Test 241 433 448 695 740 433 50

Note: “Par.” represents Dataset Partition, “Train” represents Train Set,
“Test” represents Test Set. “Hap.”, “Ang.”, “Sad”, “Neu.”, “Fru.”, “Exc.”
and “Sur.” represent Happy, Angry, Sad, Neutral, Frustration, Excited and
Surprised labels, respectively. “-” indicates that the corresponding category
is not applicable in the Four-class.

To further verify the performance of PMSAPO in dealing with uncer-
tain modalities missing, we conduct two kinds of experiments with multi-
classification (4-classification and 7-classification). In the first experiment,
we conduct 4-classification (happy, angry, sad and neutral) test on dataset
IEMOCAP. In the second experiment, we conduct 7-classification (Happy,
angry, sad, neutral, frustrated, excited and surprised) test on dataset IEMO-
CAP. The distribution of sentiment labels in dataset IEMOCAP is shown in
Table 10. In this experiment, the online learning strategies are not used, so,
we use PMSAP to denote our proposed model. Moreover, models TATE J,
MRAN, ICDN, MTMSA and SMCMSA are selected as baseline models.

Experimental results for the 4-classification sentiment classification are
illustrated in Fig. 4. Fig. 5 shows results of the 7-classification sentiment
classification. The vertical axes in Fig. 4 and Fig. 5 represent the values
of evaluation metrics (M-F1 or Acc). Here, ”4 M-F1” and ”4 Acc” denote
the M-F1 and Acc values of each model under various missing rates in the
4-classification sentiment classification experiment, while ”7 M-F1” and ”7
Acc” represent the M-F1 and Acc values of each model under various missing
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rates in the 7-classification sentiment classification experiment. The horizon-
tal axes in Fig. 4 and Fig. 5 stand for different missing rates (0, 0.1, 0.2,
0.3, 0.4, 0.5). Moreover, the results of TATE J, MRAN, ICDN, MTMSA and
SMCMSA are selected from work [12].

Fig. 4. Experimental results of different models on four-classification

From Fig. 4(a) and 4(b) we can find that, the performances of our pro-
posed model PMSAP are the best among all the baseline models on all the
missing rates. Among all the models, the performances of model SMCMSA
are the second best. Compared with model SMCMSA, for all the missing
rates, the M-F1 and ACC of our proposed model PMSAP are 3.81% and
3.55% larger than those of model SMCMSA averagely.

From Fig. 5(a) and 5(b) we find that, our proposed model outperforms
all the baseline models for all the baseline models. Among all the models, the
performances of model SMCMSA are the second best. Compared with model
SMCMSA, for all the missing rates, the M-F1 and ACC of our proposed
model PMSAP are 2.84% and 2.53% larger than those of model SMCMSA
averagely.

Experimental results in Fig. 4 and Fig. 5 can prove that, for the 4-
classification and 7-classification sentiment analysis, our proposed model PM-
SAP consistently outperforms the other five baseline models in terms of F1
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Fig. 5. Experimental results of different models on seven-classification

and ACC on all the missing rates. In summary, according to the above ex-
perimental results, we can come to a conclusion that our proposed model
PMSAP has the best performance in multi-classification sentiment analysis
under uncertain modalities missing.

5.7. Performance of PMSAPO in Personalized MSA

To verify the performance of PMSAPO for personalized MSA under un-
certain modalities missing, we first perform pretraining with one dataset to
obtain the optimal parameters, and then perform online learning with an-
other dataset to adjust the optimal parameters and test the dataset to obtain
the final result. In this work, we conduct three experiments.

The first experiment aims to prove the effectiveness of our proposed on-
line learning strategies. In this experiment, we conduct 3-classification (an-
gry, sad and happy) and 5-classification (happy, angry, sad, neutral and sur-
prised) based on datasets IEMOCAP and MELD, respectively. The detailed
distribution of labels of IEMOCAP and MELD is shown in Table 11 and
Table 12. To fully test the performance of PMSAPO, we first take MELD as
the pretraining dataset and take IEMOCAP as the testing dataset. Then,
we take IEMOCAP as the pretraining dataset and use MELD as the testing
dataset.
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Table 11: Distribution of Three-class and Five-class sentimental label counts in the IEMO-
CAP dataset

Category Par. Hap. Ang. Sad Neu. Sur.

Three-class
Train 661 367 655 - -
Test 228 448 423 - -

Five-class
Train 354 670 636 1013 57
Test 241 433 448 695 50

Note: “Par.” represents Dataset Partition, “Train” represents Train Set,
“Test” represents Test Set. “Hap.”, “Ang.”, “Sad”, “Neu.” and “Sur.” rep-
resent Happy, Angry, Sad, Neutral and Surprised labels, respectively. “-”
indicates that the corresponding category is not applicable in the Three-
class.

The second experiment aims to verify the performance of PMSAPO in
Multi-Classification via comparing with the baseline models. In this ex-
periment, we also conduct 3-classification (angry, sad and happy) and 5-
classification (happy, angry, sad, neutral and surprised) based on datasets
IEMOCAP and MELD, respectively. The detailed distribution of labels of
IEMOCAP and MELD is also shown in Table 11 and Table 12. To fully test
the performance of PMSAPO in Multi-Classification, we first take MELD as
the pretraining dataset and take IEMOCAP as the testing dataset. Then,
we take IEMOCAP as the pretraining dataset and use MELD as the testing
dataset.

The third experiment aims to verify the performance of PMSAPO in Less
Classification via comparing with the baseline models. In this experiment, we
conduct 2-classification (negative and positive) based on IEMOCAP, MELD
and CMU-MOSI datasets. The detailed distribution of labels of IEMOCAP,
MELD and CMU-MOSI is shown in Table 13. To fully test the performance
of PMSAPO in Less Classification, we first take MELD as the pretraining
dataset and then take CMU-MOSI as the testing dataset. Next, we take
IEMOCAP as the pretraining dataset and then use CMU-MOSI as the testing
dataset. Finally, we take CMU-MOSI as the pretraining dataset and use
IEMOCAP and MELD as the testing dataset, respectively.

Experiment I. To prove the effectiveness of the online learning strate-
gies, we execute model PMSAP that without the online learning strategies,
and model PMSAPO that have the online learning strategies. Experimen-
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Table 12: Distribution of Three-class and Five-class sentimental label counts in the MELD
dataset

Category Par. Hap. Ang. Sad Neu. Sur.

Three-class
Train 1109 683 1742 - -
Test 345 208 402 - -

Five-class
Train 1742 1109 683 4708 1205
Test 402 345 208 1256 281

Note: “Par.” represents Dataset Partition, “Train” represents Train Set,
“Test” represents Test Set. “Hap.”, “Ang.”, “Sad”, “Neu.” and “Sur.” rep-
resent Happy, Angry, Sad, Neutral and Surprised labels, respectively. “-”
indicates that the corresponding category is not applicable in the Three-
class.

tal results are shown in Table 14 and Table 15, where (MELD, IEMOCAP)
means that MELD is the pretraining dataset and IEMOCAP is the testing
dataset, (IEMOCAP, MELD) indicates that IEMOCAP is the pretraining
dataset and MELD is the testing dataset. From Table 14 and Table 15 we
can find that, the performances of model PMSAP (without the online learn-
ing strategies) drops by about half on both 3-classification and 5-classification
under various missing rates. These experimental results can prove that our
proposed online learning strategy has good effectiveness, and can enable the
pretrained model PMSAP to have excellent self-learning ability, thus can
effectively address the problem of personalized MSA.

Experiment II. To verify the performance of our proposed model PM-
SAPO in Multi-Classification, in this experiment, we select TATE C, TATE J,
MMIN, MTMSA, TgRN and SMCMSA as the baseline models, and we in-
tegrate our proposed online learning strategies into these baseline models,
thus to enable them to have the online learning ability. Experimental re-
sults of 3-classification are described in Table 16, experimental results of
5-classification are shown in Table 17, where (MELD, IEMOCAP) means
that MELD is the pretraining dataset and IEMOCAP is the testing dataset,
(IEMOCAP, MELD) indicates that IEMOCAP is the pretraining dataset
and MELD is the testing dataset.

From Table 16 we can find that, compared with the second-best model
SMCMSA, when the IEMOCAP dataset is used as the testing dataset, our
proposed model PMSAPO has an average increase of 6.63% in terms of M-F1
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Table 13: Distribution of Two-class sentimental label counts in the IEMOCAP, MELD
and CMU-MOSI datasets

Category Partition Negative Positive

IEMOCAP
Train Set 3219 1299
Test Set 859 337

MELD
Train Set 2945 2333
Test Set 833 521

CMU-MOSI
Train Set 914 996
Test Set 108 42

Note: “Partition” represents Dataset Partition.

Table 14: Experimental results of three-classification (the best results are bolded)

Datasets Models
0 0.1 0.2 0.3 0.4 0.5

M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC

(MELD,
IEMO.)

PMSAP 42.99 50.32 41.78 49.56 41.07 48.59 40.98 48.12 40.66 47.95 40.13 47.66

Ours 81.24 83.48 80.39 83.23 80.68 83.12 80.43 82.58 78.20 81.11 76.36 78.65

(IEMO.,
MELD)

PMSAP 39.64 53.74 38.12 52.01 37.71 51.88 37.24 51.70 37.01 51.42 35.46 51.09

Ours 65.63 67.89 64.56 67.63 64.94 66.14 61.87 65.01 58.60 63.72 55.23 60.54

and an average increase of 5.86% in terms of ACC. When the MELD dataset
is used as the testing dataset, our proposed model PMSAPO increases M-F1
by 6.59% on average, and increases ACC by 6.23% on average.

From Table 17 we can find that, compared to the second-best model
SMCMSA, our proposed model PMSAPO demonstrates significant improve-
ments in both M-F1 and ACC. Specifically, when the IEMOCAP dataset
is used as the testing dataset, our proposed model PMSAPO has an aver-
age increase of 6.37% in M-F1 and an average increase of 6.74% in ACC,
and when the MELD dataset is used as the testing dataset, PMSAPO in-
creases M-F1 by 4.54% on average, and increases ACC is by 4.14% on aver-
age. Based on the above experimental results, it can be concluded that our
proposed model PMSAPO demonstrates significantly better performance in
multi-classification in personalized MSA under uncertain modalities missing.

Experiment III. To verify the performance of our proposed model PM-
SAPO in Less Classification, in this experiment, we select TATE C, TATE J,
MMIN, MTMSA, TgRN and SMCMSA as the baseline models, and we in-
tegrate our proposed online learning strategies into these baseline models,
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Table 15: Experimental results of five-classification (the best results are bolded)

Datasets Models
0 0.1 0.2 0.3 0.4 0.5

M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC

(MELD,
IEMO.)

PMSAP 35.57 45.41 35.02 44.88 34.73 43.75 34.21 43.56 33.87 43.29 33.41 42.74

Ours 66.81 71.18 65.18 71.36 64.49 69.40 62.38 69.34 61.77 67.17 60.88 67.60

(IEMO.,
MELD)

PMSAP 32.90 43.35 32.70 42.40 31.85 42.15 31.65 42.05 31.50 41.75 31.35 41.70

Ours 59.98 67.64 59.02 66.27 58.26 64.72 56.34 63.15 55.35 61.37 53.92 58.93

Table 16: Experimental results of three-classification (the best results are bolded)

Datasets Models
0 0.1 0.2 0.3 0.4 0.5

M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC

(MELD,
IEMO.)

MMIN 74.45 76.88 72.74 76.61 67.38 72.88 65.75 71.19 63.91 68.06 63.48 67.05

TATE C 74.33 78.41 72.86 77.27 68.22 73.62 67.34 71.81 66.04 69.82 64.08 67.46

MTMSA 73.72 77.58 71.83 75.95 69.61 77.01 69.09 73.83 68.60 72.11 65.66 68.91

TATE J 74.71 79.45 73.07 76.92 70.84 76.24 67.79 75.47 69.86 73.11 67.23 71.56

TgRN 74.19 79.33 73.56 77.33 71.89 75.91 69.56 73.89 68.33 72.19 67.91 71.48

SMCMSA 74.73 79.20 74.14 78.05 73.75 77.64 73.05 75.25 71.45 74.00 70.42 72.85

Ours 81.24 83.48 80.39 83.23 80.68 83.12 80.43 82.58 78.20 81.11 76.36 78.65

(IEMO.,
MELD)

MMIN 55.29 58.95 54.29 57.85 53.22 55.69 51.70 54.85 47.69 54.22 47.65 53.43

TATE C 56.86 59.83 56.87 59.34 54.49 57.22 51.85 53.99 49.48 53.36 47.84 52.23

MTMSA 58.38 60.82 58.01 58.69 55.50 57.96 53.38 56.25 49.63 55.16 49.43 53.83

TATE J 58.75 61.35 59.66 60.90 56.69 59.21 54.15 57.38 49.18 52.95 49.10 53.23

TgRN 59.01 62.33 58.67 61.33 56.01 58.97 54.33 56.67 52.19 54.43 49.01 53.33

SMCMSA 59.36 62.97 59.17 61.82 56.63 59.12 54.76 57.84 52.07 56.35 49.29 55.48

Ours 65.63 67.89 64.56 67.63 64.94 66.14 61.87 65.01 58.60 63.72 55.23 60.54

thus to enable them to have the online learning ability. Experimental results
are shown in Table 18 and Table 19. (CMU., IEMO.) and (CMU., MELD)
show the result that CMU-MOSI dataset is used as the pretraining dataset,
IEMOCAP and MELD datasets are used as the testing datasets, respectively.
(IEMO., CMU.) and (MELD, CMU.) show the result that IEMOCAP and
MELD datasets are used as the pretraining datasets, CMU-MOSI dataset is
used as the testing dataset, respectively.

From Table 18 we can find that, compared with the second-best model
SMCMSA, when the IEMOCAP dataset is used as the testing dataset, our
proposed model PMSAPO has an average increase of 1.91% in terms of M-F1
and an average increase of 2.21% in terms of ACC. When the MELD dataset
is used as the testing dataset, our proposed model PMSAPO increases M-F1
by 4.84% on average, and increases ACC by 4.29% on average.

From Table 19 we can find that, compared to the second-best model
SMCMSA, our proposed model PMSAPO demonstrates significant improve-
ments in both M-F1 and ACC. Specifically, when the IEMOCAP dataset is
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Table 17: Experimental results of five-classification (the best results are bolded)

Datasets Models
0 0.1 0.2 0.3 0.4 0.5

M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC

(MELD,
IEMO.)

MMIN 57.04 61.95 54.40 58.80 54.08 59.13 53.20 58.09 51.39 56.82 49.77 54.14

TATE C 57.65 64.27 56.88 63.04 57.93 62.89 56.01 59.87 54.06 57.95 51.28 54.62

MTMSA 57.73 63.49 57.71 61.73 56.90 60.82 56.24 61.18 54.06 57.98 51.73 57.24

TATE J 58.30 64.85 59.63 65.47 58.34 62.77 56.95 62.85 56.24 61.94 53.92 57.99

TgRN 59.33 65.98 57.24 63.33 56.77 62.09 56.14 61.63 55.90 60.06 52.82 58.13

SMCMSA 59.51 65.66 58.68 65.37 57.92 63.49 57.33 62.54 55.54 62.32 54.32 60.20

Ours 66.81 71.18 65.18 71.36 64.49 69.40 62.38 69.34 61.77 67.17 60.88 67.60

(IEMO.,
MELD)

MMIN 54.26 59.12 52.22 57.31 50.70 56.12 46.97 51.79 43.44 48.66 44.24 49.70

TATE C 54.76 57.66 50.92 56.74 49.17 55.25 45.68 51.42 44.95 49.90 37.62 44.01

MTMSA 55.80 59.96 52.89 58.99 52.22 59.25 51.15 56.16 46.12 51.76 44.40 50.24

TATE J 55.36 61.73 54.91 60.50 53.62 57.61 52.81 57.42 50.16 55.27 47.15 52.06

TgRN 55.33 61.40 53.70 59.43 52.16 58.24 50.33 56.12 50.01 55.79 48.33 53.15

SMCMSA 55.51 61.99 54.28 62.05 52.92 62.26 53.41 60.24 50.83 56.96 49.29 53.75

Ours 59.98 67.64 59.02 66.27 58.26 64.72 56.34 63.15 55.35 61.37 53.92 58.93

used as the pretraining dataset, our proposed model PMSAPO has an av-
erage increase of 2.47% in M-F1 and an average increase of 3.15% in ACC,
and when the MELD dataset is used as the pretraining dataset, PMSAPO
increases M-F1 by 2.54% on average, and increases ACC is by 3.09% on av-
erage. Based on the above three experiments, it can be concluded that our
proposed model PMSAPO has the best performance in the personalization
MSA under uncertain modalities missing.

5.8. Significance test

To verify the reliability of the performance improvement of our proposed
PMSAPO model, we conducted a significance test using ANOVA for each
missing rate based on the experimental results of personalized MSA under
uncertain modalities missing conditions. The experiments were performed us-
ing the MELD dataset as the pretraining dataset and the IEMOCAP dataset
as the testing dataset for 3-classification. Moreover, to further enhance the
credibility of our experimental results, we exclusively selected the baseline
models from 2024 and 2025 (MTMSA, TgRN, SMCMSA) for calculations.
The significance test results, including F-values and P-values for both M-F1
and ACC, are reported in Table 21.

From Table 21 we can find that, for both M-F1 and ACC, the F-values
are consistently high (ranging from 18.76 to 25.34), and the P-values are all
less than 0.001. This indicates that the performance differences between the
PMSAPO model and the baseline models are statistically significant, and the
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Table 18: Experimental results of two-classification with the CMU-MOSI dataset used as
the pretraining dataset (the best results are bolded)

Datasets Models
0 0.1 0.2 0.3 0.4 0.5

M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC

(CMU.,
IEMO.)

MMIN 81.33 84.19 79.01 83.21 78.56 82.33 77.48 81.48 73.50 80.73 71.39 78.33

TATE C 82.26 86.50 81.12 85.33 80.10 84.84 79.27 83.59 77.15 82.63 75.27 82.50

MTMSA 82.27 87.15 82.01 86.23 81.65 85.22 80.71 84.79 80.01 83.23 76.33 82.98

TATE J 82.27 87.32 82.01 86.39 80.12 84.28 79.42 84.33 78.31 83.34 76.34 82.83

TgRN 83.33 87.07 82.13 85.24 81.33 84.17 79.27 83.01 78.41 83.33 77.17 82.88

SMCMSA 85.01 87.93 83.33 86.54 82.21 85.65 81.31 84.80 80.21 84.01 78.88 83.79

Ours 85.89 89.33 84.88 88.79 84.01 87.98 83.33 87.54 82.96 86.67 81.31 85.67

(CMU.,
MELD)

MMIN 70.33 72.27 69.52 71.63 68.25 71.01 67.67 70.56 66.33 68.56 65.32 67.36

TATE C 70.37 72.63 69.31 71.83 67.99 70.01 67.33 69.38 66.39 68.93 65.67 67.76

MTMSA 71.33 74.28 70.01 73.56 69.76 71.98 67.56 69.77 67.33 69.41 65.34 67.98

TATE J 71.73 74.91 70.43 72.74 69.96 71.75 68.38 70.72 67.16 69.93 66.83 68.88

TgRN 71.61 74.33 70.65 73.64 68.73 72.85 67.30 71.17 66.88 70.75 66.01 68.98

SMCMSA 72.33 75.42 71.21 74.07 70.09 74.41 69.30 73.33 69.16 72.98 68.58 71.41

Ours 76.51 79.33 76.01 78.67 75.74 78.35 74.88 77.59 74.01 77.29 72.53 76.12

improvements are not due to random chance. These results further validate
the effectiveness of the PMSAPO model in handling missing data across
various missing rates. In conclusion, through the significance test, it can
be confirmed that our proposed PMSAPO model significantly outperforms
other baseline models at all missing rates.

5.9. Analysis of the Dynamic Changes in Training Loss

Fig. 6. The change of the loss values in training of PMSAPO
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Table 19: Experimental results of two-classification with the CMU-MOSI dataset used as
the testing dataset (the best results are bolded)

Datasets Models
0 0.1 0.2 0.3 0.4 0.5

M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC

(IEMO.,
CMU.)

MMIN 83.11 85.21 80.73 84.56 79.93 82.33 78.64 81.21 76.21 79.33 74.56 77.21

TATE C 83.69 86.10 81.56 84.33 80.98 83.78 80.10 83.21 79.32 81.33 76.11 80.57

MTMSA 85.18 87.10 82.51 84.74 81.15 83.33 81.01 83.10 79.38 81.51 76.67 81.22

TATE J 84.77 86.89 83.17 85.21 82.38 84.69 80.33 82.18 77.77 80.89 76.24 80.01

TgRN 85.01 86.98 84.17 85.33 82.52 84.66 80.55 83.01 78.67 81.55 77.51 80.69

SMCMSA 85.98 87.33 84.01 86.12 83.19 85.33 82.28 84.21 80.56 83.57 79.39 82.83

Ours 87.78 89.41 85.65 88.98 85.47 88.33 84.69 87.98 83.98 87.06 82.67 86.50

(MELD,
CMU.)

MMIN 83.41 85.38 80.83 84.67 79.89 82.15 78.51 81.69 76.77 79.41 74.33 77.56

TATE C 83.97 86.51 81.77 84.69 81.01 83.89 79.89 82.89 79.18 80.97 76.21 80.41

MTMSA 85.18 87.21 82.41 84.69 81.33 83.56 81.01 83.12 79.83 81.91 76.56 80.51

TATE J 84.91 87.28 83.04 85.57 82.45 84.69 80.47 83.33 78.01 81.12 76.63 80.57

TgRN 85.12 87.12 83.91 85.17 82.39 84.79 80.63 83.12 78.33 81.63 77.15 80.88

SMCMSA 85.79 87.29 84.33 86.39 82.57 85.01 82.12 84.63 81.33 83.33 79.89 82.72

Ours 87.56 89.33 86.64 88.79 85.83 88.48 84.79 87.45 83.89 87.17 82.55 86.66

Table 20: The results of ablation experiment in the PMSAP model, where the best results
are bolded.

Modules
0 0.1 0.2 0.3 0.4 0.5

M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC

PMSAP-JF 84.33 87.71 82.60 87.33 81.35 86.87 81.06 85.17 79.56 84.12 78.03 82.77
PMSAP-JN 84.67 88.32 82.13 86.66 81.96 86.02 81.33 85.88 80.02 85.27 78.99 83.60
PMSAP 85.21 89.16 84.72 88.51 83.69 87.45 82.97 87.31 82.47 86.33 80.09 84.90

In the training process of our proposed PMSAPO model, the value of
the loss function is a critical factor in guiding the model to learn the target
features. Therefore, we conduct experiment to describe the dynamic change
curve of the loss function with the number of training steps in personalized
MSA, where the MELD dataset is used for pretraining and the CMU-MOSI
dataset is used for testing. Experimental results are presented in Fig. 6.

From Fig. 6 we can find that, the loss curve generally exhibits a downward
trend. The initial loss value is high, with a value 17.2176, this is because that
parameters of PMSAPO are learned from the MELD dataset may not adapt
to the CMU-MOSI dataset. As the training progresses, the loss values grad-
ually decrease and finally reaches 0.640188 at step 880, these experimental
results indicate that PMSAPO can converge to a stable and optimal state.

Detailed Analysis. Despite the use of multiple loss terms (e.g., loss
of attention mechanism, loss of classification, loss of modality weight eval-
uation, and L2 regularization loss), the loss values of PMSAPO decrease
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Table 21: The results of Significance test.

Evaluate
metrics

0 0.1 0.2 0.3 0.4 0.5
F P F P F P F P F P F P

M-F1 25.34 0.00012 22.56 0.00021 24.78 0.00015 23.45 0.00018 20.89 0.00031 19.76 0.00042
ACC 24.12 0.00016 21.34 0.00025 23.56 0.00017 22.45 0.00019 19.89 0.00033 18.76 0.00045

smoothly and consistently throughout the training process, which can prove
that PMSAPO can effectively handle these multiple loss terms. The absence
of sudden peaks or valleys in the loss curve suggests that the PMSAPO does
not experience issues such as vanishing or exploding gradients. The grad-
ual and steady decrease in the loss values indicate that the gradients are
well-behaved, and PMSAPO can learn stably.

Moreover, it is inevitable that there are some fluctuations in the loss
values at certain training steps, such as 250 to 300 steps, 400 to 450 steps,
and 600 to 650 steps. These fluctuations can be attributed to the following
reasons: (1) Learning rate adjustments: During these steps, the learning rate
may have been adjusted, causing temporary fluctuations in the loss values.
(2) Variations in data batches: The distribution of data in each batch may
differ, leading to fluctuations in the loss values. However, these fluctuations
do not affect the overall performance of model PMSAPO.

In conclusion, the smooth and consistent decrease in the loss values
throughout the training process and the final convergence of PMSAPO can
demonstrate the robustness and effectiveness of our proposed model PM-
SAPO. Moreover, the consistent reduction in loss values can prove that PM-
SAPO can learn the target features and perform sentiment classification with
high accuracy.

5.10. Ablation Experiment

The aims of this ablation experiment including to verify the effectiveness
of different modules of model PMSAP, to verify that pretraining can im-
prove the performance of PMSAPO model personalized MSA, to prove the
usefulness of each online learning technique, and to verify the fact that MSA
models trained with public datasets do not have perfect performances for
personalized MSA. For the module ablation experiments, we performed two-
classification (positive and negative) experiments based on dataset IEMO-
CAP. For the pretrained ablation experiments, we performed three-classification
(angry, sad, and happy) experiments based on dataset IEMOCAP. For the
online learning strategy ablation experiments, we perform three-classification
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(angry, sad, and happy) experiments based on dataset IEMOCAP, with pre-
trained model PMSAP on dataset MELD. For the Personalized MSA ex-
periments, we performed three-classification (angry, sad, and happy) and
five-classification (angry, sad, happy, neutral, and surprised)) experiments
based on IEMOCAP and MELD datasets.

Module ablation experiment. In this experiment, different variants
are generated by removing certain modules from PMSAP, and the effective-
ness of different modules in PMSAP is verified by testing the performance of
variants. The variants are generated as follows: (1) Variant PMSAP-JF is
generated by removing the joint feature optimization module from PMSAP.
(2) Variant PMSAP-JN is produced by removing the fully connected neural
network evaluation module from model PMSAP .

Experimental results are presented in Table 20. From Table 20 we can
find that, for PMSAP-JF, compared with PMSAP, the values of M-F1 and
ACC are decreased under all the missing rates. Especially, when the missing
rate is 0.3, the performance of PMSAP-JF decreases by 1.91% in terms of
M-F1 and decreases 2.14% in terms of ACC. The above experimental results
can prove that the joint feature optimization module in the PMSAP model
is effective.

For PMSAP-JN, compared with PMSAP, it is evident that the M-F1 and
ACC values decline under all the missing rates. When the miss rate is 0.1,
PMSAP-JN decreases 2.59% in terms of M-F1 and decreases 1.85% in terms
of ACC. When the missing rate is 0.3, the reduction of M-F1 of PMSAP-
JN is 1.91%, and the ACC is reduced by 1.43%. These results can verify
that the fully connected neural network evaluation module can improve the
performance of PMSAP.

Pretrained ablation experiment. In this experiment, we train and
test on the IEMOCAP dataset, that is, without pretraining, and pretrain
on the MELD dataset and then train and test on the IEMOCAP dataset on
the basis of pretraining, that is, with pretraining. To ensure that the ex-
perimental results are only affected by the pretraining, we update the online
learning method for both. At the same time, to make this experiment more
convincing, in addition to using the model PMSAPO our proposed, we also
use the baseline models SMCMSA, TATE J, MTMSA, TATE C, MMIN to
conduct experiments. Experimental results are presented in Table 22, where
PMSAPO, SMCMSA, TATE J, MTMSA, TATE C, MMIN with pretraining,
PMSAPO2, SMCMSA2, TATE J2, MTMSA2, TATE C2, MMIN2 without
pretraining. Bold indicates better model results with the same missing rate
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for the same model.
From Table 22, we can find that under the same model and same miss-

ing rate, the performance of the case with pretraining is better than that of
the case without pretraining, which can prove that pretraining on the public
dataset and then training and testing on personalized users can solve the
PMSA problem more effectively, and is more in line with the actual applica-
tion scenario.

Table 22: The results of pretraining ablation experiments.

Datasets Models
0 0.1 0.2 0.3 0.4 0.5

M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC

IEMOCAP

MMIN2 72.45 75.11 69.48 73.43 66.05 71.11 64.82 70.10 63.22 66.16 61.45 64.23
MMIN 74.45 76.88 72.74 76.61 67.38 72.88 65.75 71.19 63.91 68.06 63.48 67.05
TATE C2 73.12 77.03 70.05 75.67 66.22 71.24 65.36 69.09 63.26 67.76 62.63 65.88
TATE C 74.33 78.41 72.86 77.27 68.22 73.62 67.34 71.81 66.04 69.82 64.08 67.46
MTMSA2 72.21 76.55 70.05 73.22 68.21 75.03 67.49 70.22 66.49 69.54 63.51 66.03
MTMSA 73.72 77.58 71.83 75.95 69.61 77.01 69.09 73.83 68.60 72.11 65.66 68.91
TATE J2 73.88 78.34 71.11 74.61 70.38 73.55 66.21 72.18 68.01 71.36 66.11 69.14
TATE J 74.71 79.45 73.07 76.92 70.84 76.24 67.79 75.47 69.86 73.11 67.23 71.56
SMCMSA2 72.20 77.55 71.73 76.88 71.13 74.96 70.19 73.34 69.18 72.61 68.13 70.13
SMCMSA 74.73 79.20 74.14 78.05 73.75 77.64 73.05 75.25 71.45 74.00 70.42 72.85
PMSAPO2 80.33 82.11 78.90 81.74 78.13 81.17 77.30 80.43 76.14 79.23 74.64 76.39
PMSAPO 81.24 83.48 80.39 83.23 80.68 83.12 80.43 82.58 78.20 81.11 76.36 78.65

Table 23: The results of personalized module ablation, where the best results are bolded.

Modules
0 0.1 0.2 0.3 0.4 0.5

M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC

PMSAPO-A 78.56 81.68 77.50 81.38 77.31 80.57 76.61 78.88 75.92 77.21 73.01 75.43
PMSAPO-M 77.35 81.91 77.01 80.48 76.63 79.91 74.62 78.69 74.01 77.52 73.46 75.21
PMSAPO-U 80.41 82.22 79.63 82.69 78.97 82.00 78.66 81.89 77.31 80.36 75.59 77.12
PMSAPO-O 74.42 79.78 74.01 78.33 73.96 77.64 72.39 76.50 71.55 74.01 70.52 73.18
PMSAPO 81.24 83.48 80.39 83.23 80.68 83.12 80.43 82.58 78.20 81.11 76.36 78.65

Ablation experiment on online learning strategies. In this ex-
periment, we take dataset MELD as the pretraining dataset to obtain the
pretrained model PMSAP, and we take dataset IEMOCAP as the testing
dataset. Different model variants are generated by removing certain online
learning strategy from model PMSAPO, and the effectiveness of certain on-
line learning strategy is verified by comparing the performances of model
variants with performances of model PMSAPO. The model variants are gen-
erated as follows: (1) PMSAPO-A is generated by removing the adaptive
learning rate adjustment strategy from PMSAPO. (2) PMSAPO-M is pro-
duced by removing the online meta-learning strategy from model PMSAPO.
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(3) PMSAPO-U is generated by removing the strategy of assigning weights
to different samples. (4) PMSAP is the pretrained model without the all on-
line learning strategies, which implementing the online learning capabilities
through fine-tuning operations.

Experimental results are shown in Table 23. From Table 23 we can find
that, for PMSAPO-A, compared with PMSAPO, the values of M-F1 and
ACC decline for all the missing rates. Especially, when the missing rate is
0.3, the M-F1 of PMSAPO-A decreases by 3.82%, and the ACC of PMSAPO-
A decreases by 3.70%. The above experimental results can prove that the
adaptive learning rate adjustment strategy is effective to enable the pre-
trained model PMSAP to own online learning ability.

For PMSAPO-M and PMSAPO-U, compared with PMSAPO, it can be
found that the values of M-F1 and ACC are decreased under all the missing
rates. These experimental results can verify that the online meta-learning
strategy and the strategy of assigning weights to different samples can con-
tribute significantly to enable the pretrained model PMSAP to own online
learning ability.

For PMSAPO-O, in comparison with model PMSAPO, we observe a re-
duction in the values of M-F1 and ACC under all the missing rates. When
the miss rate is 0.4, the M-F1 value of PMSAPO-O is decreased by 6.65%.
When the missing rate is set to 0.5, the ACC value of PMSAPO-O model
is reduced by 5.47%. Experimental results in Table 23 can prove that our
proposed online learning strategies are effective.

Personalized MSA experiments. This experiment aims to verify the
fact that MSA models that trained with public datasets will not have per-
fect performances for personalized MSA. In these experiments, four repre-
sentative MSA models are selected, which are TATE C [32], MTMSA [18],
TATE J [40], SMCMSA [12]. Two public datasets (IEMOCAP [30] and
MELD [21]) are adopted. In the first experiment, IEMOCAP is used as
the training dataset, and MELD is regarded as the dataset of personalized
users. In the second experiment, MELD was used as the training dataset, and
IEMOCAP was used as the personalized users’ data. Experimental results
are presented in Table 24 and Table 25, where the normal numbers in the
two tables indicate models’ performance when they are trained and tested
with the same datasets, and the bold numbers denote models’ performance
when they are trained and tested with different datasets.

Based on the experimental results we can draw a conclusion that, the
performance of MSA models trained with public dataset almost halved when
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they are tested with personalized users. Therefore, the establishment of an
efficient MSA model for personalized MSA has transformed into a crucial
problem that needs to be addressed urgently.

Table 24: Three-class sentiment classification results. Non-bold data reflects standard
operation; bold data reflects personalized user usage scenarios.

Datasets Models
0 0.1 0.2 0.3 0.4 0.5

M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC

IEMOCAP

TATE C 73.28 77.09 71.53 76.67 67.17 73.11 65.78 70.07 64.35 68.13 63.75 65.59

TATE C 41.60 49.05 41.37 48.72 41.05 48.70 40.71 48.48 40.21 47.79 39.08 46.78

MTMSA 71.82 76.40 69.93 74.14 68.31 74.75 67.55 72.23 66.61 69.73 64.21 66.74

MTMSA 41.47 49.14 41.35 48.88 40.96 48.77 40.58 48.53 40.08 47.56 39.55 47.78

TATE J 72.72 77.19 71.35 75.24 69.03 74.07 66.52 73.39 68.23 70.76 64.97 70.20

TATE J 41.62 49.23 41.52 48.97 41.12 48.89 40.69 48.66 40.15 47.95 39.77 47.39

SMCMSA 72.92 77.28 72.06 76.15 72.12 75.91 71.15 73.17 69.19 71.65 67.89 71.13

SMCMSA 41.77 49.39 41.56 49.01 41.27 48.96 40.76 48.77 40.39 48.07 39.96 47.51

MELD

TATE C 55.23 57.93 55.33 57.08 52.59 54.82 50.13 52.54 47.49 51.28 46.03 49.97

TATE C 32.14 46.02 30.36 44.77 30.03 44.59 29.56 44.16 29.19 43.67 28.47 43.04

MTMSA 56.48 58.83 56.43 57.57 53.60 55.94 51.48 54.17 48.24 53.26 46.99 51.93

MTMSA 32.07 45.94 30.29 44.61 29.74 44.44 29.67 44.28 29.42 43.79 28.11 42.83

TATE J 57.12 59.18 58.21 58.79 54.86 56.77 52.07 55.48 47.46 51.14 46.66 50.97

TATE J 32.46 46.49 30.87 44.99 30.59 44.27 30.12 44.26 29.82 43.97 28.49 43.46

SMCMSA 57.28 61.34 57.36 62.18 54.91 56.86 53.22 56.03 51.60 54.18 49.57 53.49

SMCMSA 32.69 46.78 31.11 45.27 30.77 44.76 30.28 44.49 29.86 44.24 28.53 43.79

5.11. Practical Implications

In real-world application, on different devices, as long as the hardware
environment is the same as ours and the data pre-processing methods are
identical, highly accurate sentiment analysis results can be obtained. More-
over, the time required for a single user test is only 0.008563 s, which can
fully meet users’ needs. The memory required for a single test is 29.12 MB,
and the model size is 281 KB, which can completely satisfy the requirements
of practical deployment.

Moreover, in real-world application, we have integrated our PMSAPO
model with a service recommendation system to detect users’ sentimental
states and provide tailored services to regulate their sentiments, enhance
their well-being, prevent extreme behaviors, and mitigate the risk of depres-
sion, which is recognized as the fourth leading global disease. For instance,
when the PMSAPO model detects signs of negative sentiments in a user, the
service recommendation system suggests appropriate mental health services,
such as counseling or relaxation exercises, to alleviate the user’s sentimental
distress. Empirical results from real-world application demonstrate that our
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Table 25: Five-class sentiment classification results. Non-bold data reflects standard op-
eration; bold data reflects personalized user usage scenarios.

Datasets Models
0 0.1 0.2 0.3 0.4 0.5

M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC M-F1 ACC

IEMOCAP

TATE C 55.65 61.82 54.97 60.62 55.49 61.19 53.29 58.22 51.89 55.78 49.11 53.47

TATE C 29.94 38.82 29.38 38.79 29.02 38.54 28.51 38.07 28.35 37.71 27.77 37.16

MTMSA 55.46 61.24 55.36 59.58 54.28 59.49 53.71 59.11 51.89 57.09 49.67 54.73

MTMSA 29.97 38.89 30.21 38.66 29.33 38.51 28.65 37.87 28.64 37.66 28.29 37.42

TATE J 55.22 62.67 57.53 62.94 55.62 60.97 54.78 60.77 53.71 59.68 52.49 56.19

TATE J 29.81 38.77 30.10 38.61 29.22 38.58 28.71 37.74 28.57 38.05 28.16 37.36

SMCMSA 57.35 63.84 57.45 63.03 55.48 61.14 54.62 60.64 53.58 59.53 52.53 58.31

SMCMSA 30.24 38.98 29.29 38.81 29.10 38.66 28.64 37.97 28.40 37.74 27.83 37.22

MELD

TATE C 52.46 55.86 48.78 54.67 46.91 52.83 44.05 48.56 42.81 48.29 35.46 42.49

TATE C 26.93 37.47 26.76 36.44 25.93 36.27 25.70 36.13 25.59 35.87 25.42 35.81

MTMSA 53.27 57.89 50.54 57.19 49.66 56.83 48.42 53.31 43.51 50.47 41.99 48.75

MTMSA 26.51 37.92 26.35 37.04 25.92 36.80 25.74 36.72 25.63 36.41 25.45 36.37

TATE J 52.82 59.91 52.38 58.25 51.55 55.69 51.47 55.35 48.93 53.72 45.81 50.69

TATE J 26.65 37.56 26.43 36.66 25.54 36.44 25.32 36.33 25.21 36.02 25.05 35.96

SMCMSA 53.64 60.28 52.21 60.09 51.38 59.52 51.23 58.72 49.74 55.58 48.31 53.37

SMCMSA 26.77 37.71 26.59 36.79 25.73 36.58 25.57 36.46 25.42 36.16 25.26 36.13

PMSAPO model achieves high accuracy in sentiment analysis under uncer-
tain modalities missing conditions and delivers timely and effective service
recommendations, thereby underscoring its practical utility and adaptability
in related domains.

However, we have identified several challenges that impact the perfor-
mance of the PMSAPO model in real-world scenarios. The first challenge is
the discrepancy between users’ expressed multimodal signals and their true
sentimental states. For example, a user may laugh heartily to mask feelings
of embarrassment, while their true sentimental state is neutral. In such cases,
the PMSAPO model may erroneously classify the user’s sentiment as hap-
piness. The second challenge arises when users remain taciturn and exhibit
consistent facial expressions, making it difficult for the model to accurately
infer their sentimental states. To address these issues, we plan to introduce
eye-movement and electroencephalogram (EEG) modalities in future work,
as these physiological signals are less susceptible to conscious control and
exhibit significant variations in response to sentimental changes.

In addition to experiments on personalized multimodal sentiment analysis
under uncertain modalities missing, we also conducted experiments on per-
sonalized multimodal intention recognition under uncertain modalities miss-
ing. The results indicate that our model outperforms state-of-the-art models,
demonstrating its superior generalization capabilities in other personalized
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multimodal classification tasks under uncertain modalities missing scenarios.
This further highlights the robustness and versatility of our PMSAPO model
across diverse application domains.

6. Conclusion

Currently, Personalized Multimodal Sentiment Analysis (MSA) under un-
certain modalities missing has become a new challenging problem. Although
some effective models have been proposed for MSA under uncertain modali-
ties missing, these models still have some serious deficiencies. Firstly, when
dealing with uncertain modal missing, existing models’ flexibility and gen-
eralization ability are relatively weak. Secondly, existing models perform
poorly in personalized MSA under uncertain modalities missing. To tackle
the above issues, we propose a personalized MSA model under uncertain
modalities missing with pretraining and online learning (named PMSAPO).
PMSAPO is pretrained with public datasets, and then it autonomously
adapts to the personalized users with our proposed online learning strate-
gies. Moreover, we propose a joint feature optimization and a fully connected
neural network evaluation method to complete the missing modalities, which
are simple and efficient. Extensive experiments have been conducted based
on three public benchmark datasets (IEMOCAP, MELD and CMU-MOSI),
and have proved that our proposed PMSAPO outperforms 12 baseline mod-
els and is effective for Personalized Multimodal Sentiment Analysis under
uncertain modalities missing.

Compared with existing models, our proposed model PMSAPO has sig-
nificantly improved its sentiment analysis ability. However, there are still the
following deficiencies: (1) The performance of the PMSAPO model may be
significantly degraded if the quality of the fused modalities is low, i.e., the
initial available non-missing modalities are of low quality. This low quality
can have a substantial impact on the effectiveness of modality completion.
To solve this problem, in the future, we plan to enhance the quality of each
modality before performing modality fusion. (2) In real-world applications,
there are situations where all three modalities are missing simultaneously. If
all three modalities are missing, our proposed model PMSAPO (along with all
relevant models) will completely fail. To address this, we consider introducing
two other modalities in the field of sentiment analysis-electroencephalogram
(EEG) and eye-movement modalities, and combine them with the current
three modalities to form a five-modality system. This can alleviate the oc-
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currence of such extreme situations, and the five-modality system can handle
more modality-missing scenarios in real-world applications.
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