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Abstract Multi-view learning is an emerging field that aims
to enhance learning performance by leveraging multiple views
or sources of data across various domains. By integrating
information from diverse perspectives, multi-view learning
methods effectively enhance accuracy, robustness, and
generalization capabilities. The existing research on multi-view
learning can be broadly categorized into four groups in the
survey based on the tasks it encompasses, namely multi-view
classification  approaches,  multi-view  semi-supervised
classification approaches, multi-view clustering approaches,
and multi-view semi-supervised clustering approaches. Despite
its potential advantages, multi-view learning poses several
challenges, including view inconsistency, view
complementarity, optimal view fusion, the curse of
dimensionality, scalability, limited labels, and generalization
across domains. Nevertheless, these challenges have not
discouraged researchers from exploring the potential of multi-
view learning. It continues to be an active and promising
research area, capable of effectively addressing complex real-
world problems.

Keywords multi-view learning, multi-view
ensemble learning, semi-supervised learning

clustering,

1 Introduction

In the era of big data, the methods and perspectives for data
acquisition have become increasingly diverse. For instance, an
individual can describe something from various visual angles;
an image can be represented by different features such as
colors, text; a social media user can be characterized by their
behavioral data, social network graph, and textual content.
These data, describing entities from different perspectives, are
referred to as multi-view data. Different views represent
various aspects and features of the data, yet they are
intertwined and  fundamentally  consistent. =~ Simply
concatenating multiple view features and applying traditional
machine learning methods not only leads to the curse of
dimensionality, making it difficult to uncover latent
information, but also overlooks the interrelations among
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multiple views. Therefore, multi-view learning is gradually
becoming a well-established domain within machine learning
that tackles problems involving the availability of multiple
views or sources of data.

The utilization of these multiple views provides an
opportunity to leverage complementary information, thereby
resulting in enhanced learning performance compared to
single-view methods. For instance, Wei et al. [1] conducted a
study demonstrating that multi-view learning methods
outperform single-view approaches when applied to both uni-
view and multi-view surface electromyography data streams.
Similarly, Tian et al. [2] delved into the realm of multi-view
deep feature learning and achieved superior performance in
the context of Encephalogram (EEG)-Based Epileptic Seizure
Detection when compared to single-view deep feature learning
techniques. In another study, Kong et al. [3] employed a
multi-view learning method using deep models for action
recognition, attaining improved results compared to a single-
view learning algorithm. Furthermore, by taking into account
the deep Gaussian process, Sun et al. [4] presented a new
multi-view representation learning approach, exhibiting
promising performance on real-world multi-view datasets.
Additionally, in image classification tasks, Zhang et al. [5]
investigated multi-view visual classification methods and
attained noteworthy performance gains. Overall, integrating
different views during the learning process helps capture
diverse aspects of the data, leading to heightened accuracy,
robustness, and generalization capabilities.

In the exploration of multi-view learning, researchers have
been striving to find an effective method to fully utilize the
information among views. With the deepening research on
multi-view learning, it is gradually recognized that the key to
multi-view learning lies in balancing the consistency and
complementarity between views [6], namely the two
principles of multi-view learning: 1) Consensus principle: The
consensus principle refers to the consistency among different
views. This means that multiple views should agree to some
extent in order to effectively capture common characteristics
and patterns in the data. The basic idea of the consensus
principle is that there exists some degree of correlation among
different views, which can be leveraged to improve learning
performance. For example, in a multi-view dataset containing
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both images and text descriptions, there may be some
correlation between the objects in the images and the content
described in the text. 2) Complementarity principle: The
complementarity principle refers to the complementary or
supplementary nature of different views. This means that
multiple views should provide different yet related
information to collectively enhance learning performance. The
basic idea of the complementarity principle is that each view
may contain information about specific aspects or local details
of the data, and combining this information can provide a
more comprehensive and rich data representation. For
example, in image recognition tasks, in addition to the pixel
information of the images themselves, text descriptions of the
images or semantic labels associated with the images can be
utilized to improve recognition accuracy. Both two principles
jointly facilitate the effective integration and utilization of
information across multiple views. While the consensus
principle emphasizes the consistency and commonality among
different views, the complementary principle emphasizes the
complementarity and diversity between them. In order to
effectively leverage both two principles, a series of methods
were proposed by simultaneously considering these two
principles. Luo et al. [7] decomposed the representations of
each view into an all views’ shared consensus representation
and a set of view-specific distinctive representations. Wang
et al. [8] leveraged complementary information between
different views by introducing a position-aware exclusive
term, while ensuring their consistency based on a common
indicator matrix. Liang et al. [9] decomposed the graphs of
each view into consistent and inconsistent parts to fuse the
unified graph by introducing an inconsistency measurement.
Based on the time of multi-view fusion during the learning
process, it can be divided into two primary types: early fusion
and late fusion [6,10—18], as illustrated in Figs. 1 and 2. In
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Fig. 1 The early fusion scheme for multi-view learning
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Fig. 2 The late fusion scheme for multi-view learning

early fusion methods, the representations from different views
are concatenated or aggregated, and on the fused
representation, a single model is trained using a joint objective
function that integrates information from multiple views. This
approach assumes equal contribution of all views to the label
predictions. In contrast, late fusion combines the predictions
from different views after training separate models for each
view. The final predictions are derived by combining the
outputs of each classifier that has been trained on each view.
Fusion can be performed through averaging probabilities,
voting schemes, or more advanced fusion techniques such as
stacking or boosting, similar to ensemble learning approaches
[19-25]. Both early fusion and late fusion methods consider
the consensus and complementarity between views. The
learned models are encouraged to agree on shared aspects
while maintaining diversity in their respective views.

In recent years, several reviews on multi-view learning have
been published, discussing the theories, methodologies,
classifications, and applications of multi-view learning
methods. With a focus on classification and clustering tasks,
Table 1 provides an overview of different surveys on multi-
view learning. Many surveys on methods primarily
concentrate on multi-view classification tasks. For instance,
Xu et al. [6] reviewed multi-view learning approaches and
classified these approaches into three categories: co-training,
multiple kernel learning, and subspace learning. Li et al. [10]
provided an extensive survey on multi-view representation
learning, encompassing topics such as multi-view
representation alignment and multi-view representation fusion.
They reviewed representative methods and theories, explored
various approaches including correlation-based alignment and
generative/neural network-based fusion, and highlighted
important applications in the field. In the domain of
hyperspectral image classification, Li et al. [11] provided an
extensive review and summarized the methods into three
steps: multi-view construction, interactivity enhancement, and
multi-view fusion. Zhao et al. [12] presented a comprehensive
survey on recent developments in multi-view learning,
dividing them into three categories: co-training methods, co-
regularization methods, and margin-consistency methods. Yan
et al. [13] conducted an extensive survey on the topic of deep
multi-view learning, covering representative methods in this
context, including auto-encoders, conventional neural
networks, brief networks, canonical correlation analysis,
matrix factorization, and information bottleneck.

Some reviews on multi-view learning methods specifically
pay attention to multi-view clustering. For instance, Yang
et al. [14] presented a survey and introduction to multi-view
clustering, presenting a taxonomy of techniques based on
mechanisms and principles. They categorized them into five
types: co-training style, multi-kernel learning, graph
clustering, subspace clustering, and multi-task clustering. Fu
et al. [15] reviewed multi-view clustering approaches,
summarizing them as three classes: graph-based models, space
learning-based models, and binary code learning-based
models. Wen et al. [16] studied incomplete multi-view
clustering (IMC) and categorized it into five groups: matrix
factorization-based IMC, kernel learning-based IMC, graph
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Table 1 The overview of different surveys for multi-view learning
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References Task Categories

Xu et al. [6] Multi-view classification

co-training, multiple kernel learning, subspace learning

multi-view representation alignment, multi-view representation fusion(multi-modal topic learning, multi-view

Lietal. [10] Multi-view classification

sparse coding, multi-view latent space Markov networks, multi-modal autoencoders, multi-view convolutional

neural networks, and multi-modal recurrent neural networks)

Lietal [11] Multi-view classification

Zhao etal. [12]  Multi-view classification

multi-view construction methods, interactivity enhancement methods, multi-view fusion methods
co-training, co-regularization, margin-consistency

multi-view auto-encoder, multi-view conventional neural networks, multi-view deep brief networks, deep

Yan et al. [13] Multi-view classification

bottleneck
Yang et al. [14]
Fuetal. [15]

Wen et al. [16]

Multi-view clustering
Multi-view clustering

Multi-view clustering

Chao et al. [17]
Fang et al. [18]

Multi-view clustering

Multi-view clustering

Multi-view classification

Ours Multi-view clustering

multi-view canonical correlation analysis, deep multi-view matrix factorization, deep multi-view information

co-training, multi-kernel learning, graph clustering, subspace clustering, multi-task clustering
graph based model, space learning based model, binary code learning based model

matrix factorization-based incomplete multi-view clustering (IMC), kernel learning-based IMC, graph learning-
based IMC, deep learning-based IMC

generative methods, discriminative methods (five groups: common eigenvector matrix, common coefficient
matrix, common indicator matrix, direct combination, combination after projection)

heuristic-based approaches, neural network-based approaches

multi-view classification methods, multi-view semi-supervised classification methods, multi-view clustering
methods, multi-view semi-supervised clustering methods

learning-based IMC, and deep learning-based IMC. Chao
et al. [17] formulated a new taxonomy, categorizing them into
generative and discriminative classes. Fang et al. [18]
conducted a comprehensive review of recent multi-view
clustering techniques, categorizing them into heuristic-based
and neural network-based approaches.

In summary, existing multi-view learning methods can be
classified from different perspectives. Most reviews focus on
specific tasks, such as classification or clustering, or on
specific methodologies, such as representation learning or
deep learning, and they primarily classify and explain existing
methods based on algorithm principles or styles. However,
since few surveys systematically elucidate existing methods
based on learning paradigms, this survey emphasizes the
perspective of learning paradigms, categorizing existing multi-
view learning research into four groups: multi-view
classification  methods, multi-view semi-supervised
classification methods, multi-view clustering methods and
multi-view semi-supervised clustering methods. In this survey,
the basic concepts, technologies, methods and categorizations
of multi-view learning are comprehensively discussed.
Moreover, the relationships and differences between groups
are also analyzed. In addition, this survey also elaborates on
the current applications and challenges of multi-view learning.
We hope that this survey, through its clear categorization, will
help researchers and practitioners better understand the
different methods of multi-view learning and their applicable
scenarios, thereby aiding in the selection of appropriate
techniques and methods for specific problems. Figure 3
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Fig. 3 The outline of the survey on multi-view learning

presents an overview of the survey structure, highlighting the
main sections and their organization.

The subsequent sections of the survey are structured as
follows. Section 2 provides a comprehensive review of multi-
view classification methods, covering the various approaches
and algorithms employed in this area. Section 3 expounds the
concept of multi-view semi-supervised learning and discusses
the approaches used in this context. Section 4 focuses on
multi-view clustering approaches, providing an in-depth
review of the different methods employed for clustering data
from multiple views. Section 5 delves into multi-view semi-
supervised clustering methods, exploring the techniques and
algorithms utilized to perform clustering in scenarios where
labeled and unlabeled data from multiple views are available.
The applications of multi-view learning are introduced in
Section 6. We address the challenges associated with multi-
view learning, discussing the limitations and open research
problems in the field in Section 7. Finally, in Section 8, we
conclude the survey by summarizing the key findings and
highlighting potential future directions for research and
application in multi-view learning. By following this
organized structure, the survey seeks to present a thorough
knowledge of multi-view learning, its various methodologies,
and the challenges that lie ahead.

2 Multi-view classification

Multi-view classification, where the input data consists of
multiple views or sources, aims to classify or predict the labels
of the samples based on these multiple views. Each view
offers a distinctive perspective or representation of the data.
By considering multiple views, the classifier can potentially
capture more comprehensive and discriminative information.

Seven crucial processes make up the multi-view
categorization process, as shown in Fig. 4. Each step plays a
crucial role in achieving effective classification results:

In the data acquisition and representation step, multi-view
data is gathered from a variety of sources or sensors, and each
view represents a distinct aspect or perspective of the data.

In the feature extraction step, relevant features are extracted
from each view to capture discriminative information.
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Fig. 4 The process of multi-view classification

Techniques such as dimensionality reduction, filtering, or
view-specific transformations may be employed [26-30],
aiming to retain important discriminative characteristics.

In the view fusion step, the features derived from different
views are combined into a single representation that captures
complementing information. View fusion techniques, such as
early fusion and late fusion, exploit correlations and
dependencies between views. Common fusion techniques
include concatenation, weighted averaging, and learning-based
approaches.

In the classifier training step, the fused representation is
utilized to train a classifier. The classifier learns the mapping
between the fused features and the corresponding class labels.
The specific problem and data characteristics determine the
classifier to use. Popular classifiers include support vector
machines, random forests, neural networks, and ensemble
methods [31-34]. By integrating the initial steps, it is possible
to develop an end-to-end deep multi-view classification
approach within deep learning frameworks.

In the model evaluation step, after training the classifier, its
performance is assessed using suitable metrics, including
accuracy, precision, recall, F1 score, and other relevant
evaluation measures. Additionally, considerations are given to
consistency, complementarity, and fusion quality. Consistency
assesses the agreement or alignment between different views,
complementarity measures the extent to which views provide
unique and non-redundant information, and fusion quality
evaluates the effectiveness of fusion methods in combining
multiple views. Cross-validation or a separate validation set is
typically used to assess performance and generalization

ability.
In the model optimization and refinement step,
hyperparameter tuning, regularization techniques, or

optimization methods are used to augment the model's
discriminative capability. Overall performance can be
improved by fine-tuning the classifier or refining the fusion
process.

In the prediction step, the trained model can be utilized to
make predictions and assign class labels to new, unseen
samples with multiple views after being trained and optimized.

In summary, multi-view classification is a challenging task,
but when approached systematically, it can enhance overall
classification performance by utilizing the consensus between
views.

Multi-view classification faces numerous challenges that
need to be addressed: (1) How to capture a more
comprehensive representation of the data, leading to better

performance in learning tasks. (2) How to handle missing or
unreliable data across the views. (3) How to leverage the
advantages of multi-view learning and other learning
technique simultaneously. (4) How to apply multi-view
learning algorithm to solve various classification problems in
different multi-view scenarios. As a way to solve these
challenges, the researchers take into account the multi-view
representation learning, the incomplete multi-view learning,
the combination of multi-view learning and other learning
techniques, and the applications of multi-view learning, and
they will be introduced in the following subsections.

2.1 Multi-view representation learning for classification

In recent years, multi-view representation learning has gained
significant attention as a powerful technique for understanding
complex data with multiple perspectives. In many real-world
scenarios, data is represented in various ways since it is
inherently multi-faceted. For instance, in computer vision, an
image have visual, textual, and spatial views, while text data
can be represented in terms of words, characters, or syntax in
natural language processing. By considering multiple views, a
model can capture diverse aspects of data that may be missed
by single-view approaches, leading to enhanced performance
and generalization. Multi-view representation learning aims to
extract informative and complementary representations from
different views and combine these representations to attain a
model that exhibits both higher accuracy and increased
robustness.

The core concept of multi-view representation learning for
classification is to utilize label information from multi-view
data and complementary information between different views
to jointly learn a representation space that reflects the intrinsic
structure of the data. This approach attempts to address the
problem where a single view may not fully capture the
complexity of the data by integrating information from
multiple perspectives to enhance classification performance. A
mainstream schema of multi-view representation learning for
classification is shown in Fig. 5. Firstly, multi-view
representation learning requires learning representations for
different views and integrate them, adopting traditional
representation learning methods or neural networks, while
preserving the uniqueness and complementarity of each view.
Secondly, in classification tasks, the representation learning
process is guided by utilizing label information to ensure that
the learned representations can differentiate between different
classes and possess good generalization ability. This is
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Fig.5 The scheme of multi-view representation learning for classification
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typically achieved by incorporating label-related terms into the
optimization objective function, such as minimizing
reconstruction error or utilizing discriminative constraints.
Additionally, regularization terms may be included to prevent
overfitting and ensure that the representation space possesses
the desired properties, such as sparsity or low-rankness.
Traditional machine learning methods typically employ
linear or nonlinear shallow models to integrate information
from multiple views, such as kernel methods, graph models, or
subspace learning. These approaches are often combined with
dimensionality reduction techniques like principal component
analysis, linear discriminant analysis, and non-negative matrix
factorization to learn data representations. Such methods are
known for their high computational efficiency, simple model
structures, and ease of interpretation. For instance, Based on
maximum entropy discrimination, Chao et al. [35] proposed a
novel multi-view classification method which learns a
common subspace representation from multiple views and
augments it with the original features, combining the
principles of consensus and complementarity. This method
leverages the principle of maximum entropy discrimination,
thereby fully utilizing the advantages of discriminative
estimation. However, it is only applicable to two views and
cannot be extended to more-views cases. Guan et al. [36]
investigated the field of multi-view concept learning and
devised a novel method for nonnegative latent representation
learning, aiming to extract conceptual factors from multi-view
data. This method learns a shared latent space representation
through graph embedding regularization and sparsity
constraints. It encourages samples of the same class to be
close to each other in the latent space, while samples of
different classes are encouraged to be distant, thereby
capturing the semantic relationships between samples. Wang
et al. [37] investigated multi-view analysis dictionary learning,
a framework that incorporates semantic information into the
fundamental dictionary learning model for image
classification purposes. Liu et al. [38] studied multi-view
dictionary learning based on the consensus between views.
Both two methods employ dictionary learning to obtain sparse
representations for samples in each view and then explore
consensus between different views through regularization
terms, aiming to make the learned dictionaries from different
views as close as possible. However, such approach is
sensitive to parameter selection and the scale of the data.
Moreover, some methods utilize deep neural networks to
learn representations. Different from traditional machine
learning methods, deep learning methods are more effective in
handling large-scale, high-dimensional data. They can learn
complex patterns and structures from vast amounts of data,
improving feature extraction and representation learning.
However, deep methods often require substantial
computational resources and have poorer interpretability
compared to traditional methods. For instance, Jia et al. [39]
provided a multi-view representation learning method that
draws inspiration from human collective intelligence and
group decision-making processes. By facilitating multi-round
view communication, this approach enables each view to
utilize additional information from other views and achieve
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mutual assistance. But the increase in dataset size and the
number of views may exacerbate computational efficiency and
resource consumption in multi-round communication. Zheng
et al. [40] introduced the collaborative unsupervised multi-
view representation learning method, which uses auto-
encoders to learn view-specific compact representations and
then integrates them into a unified representation. This method
captures the high-order view correlations by utilizing a low-
rank tensor constraint and achieves competitive multi-view
representation compared to other methods, showing its
effectiveness in the field. Ma et al. [41] presented a novel
multi-attributed-view graph convolutional auto-encoder model
that effectively handles multiple attributed views in complex
data by learning node-pairwise proximity and embeddings.
Although this method introduces a multi-attribute view
proximity measurement, it may not fully explore the complex
relationships between different attribute views. Sun et al. [4]
presented a deep Gaussian process-based multi-view
representation learning approach in their research, which
adopts a deep network composed of a series of Gaussian
processes to learn the latent representations of each view.
Compared to standard DGPs, multi-view DGPs face
challenges in simultaneously learning representations for
different views. Huang et al. [42] proposed the multi-view
Laplacian network, an extension of the multi-view spectral
representation learning approach, which aims to enhance the
representative capacity of deep learning models.

Researchers also explore representation learning techniques
tailored to specific types of datasets and domains. Yang et al.
[43] built a multi-view deep auto-encoder with tensor
factorization for image representation learning. Zhang et al.
[44] applied a hierarchical attentive multi-view learning model
to extract multi-scale features from the keyframe perspective,
with the specific aim of coronary artery stenosis
quantification. Lyu et al. [45] investigated the application of a
multi-view group representation learning framework in the
area of location-aware group recommendation. Based on
Kolmogorov-Smirnov, Tan et al. [46] designed a
representation learning approach for default prediction on
imbalanced and complex loan multi-view datasets. These
examples highlight the diverse range of research in multi-view
representation learning, addressing the challenges and nuances
associated with different datasets and application domains.

Overall, multi-view representation learning has shown great
promise in extracting rich and complementary information
from diverse data sources. With ongoing advancements and
novel methodologies, it is expected to play a crucial role in
various domains, enabling deeper insights and more accurate
predictions.

2.2 Incomplete multi-view learning

In many real-world applications, data may not be entirely
available. For example, certain features might be missing for
some samples, or the data may originate from different
sensors, each of which can only observe a subset of the
sample’s  attributes. Incomplete multi-view learning
frameworks acknowledge this incompleteness, aiming to learn
useful information from it and impute missing samples.
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Incomplete multi-view learning refers to the scenario where
not all views of the data are available or complete for every
instance. In this setting, the multi-view data may have missing
or partially observed views, resulting in incomplete
information for learning and modeling, thus complete multi-
view learning methods are no longer applicable. Incomplete
multi-view learning aims to develop methods and techniques
that can effectively handle and utilize the available
information from the incomplete views to make accurate
predictions or perform other learning tasks. As shown in
Fig. 6, the goal is to integrate multiple incomplete views,
utilizing partial complete information from each view and
merging them while mitigating the negative impact of missing
samples during the learning process to construct a more
comprehensive global representation. For example, an
indicator matrix is introduced to only consider the
reconstruction loss of observed instances, or the model is
trained with only observed instances. Meanwhile, it is
necessary to handle missing data, which involves imputing
missing values. This may include ignoring missing views,
directly setting missing values to zero, using information from
other views to fill in missing values, or inferring missing
sample values using the learned unified representation. For
classification tasks, it is worth noting that even if an instance
is missing on some views, its label information is still
considered available by most methods. Incomplete multi-view
learning utilizes complete samples and label information to
learn representations for each view, enabling the model to
learn representations that differentiate between labels. Then, it
integrates representations from other complete views of
missing samples to generate or infer values for the missing
views.

Researchers have proposed various multi-view learning
algorithms to tackle the challenges associated with incomplete
views. For examples, Qin et al. [47] introduced the noise-
aware incomplete multi-view learning networks framework.
This approach reduces the influences of missing views,
develops a consistent and useful representation while
mitigating the effects of inherent noise. The framework
considers the issue of view quality arising from inherent noise,
exhibiting robustness on noisy data. However, it relies on the
selection of parameters related to the noise distribution. Lin
et al. [48] developed a unified framework that addresses the
challenges of consistency learning and missing view recovery
in incomplete multi-view representation learning. This method
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Fig. 6 The scheme of incomplete multi-view learning

utilizes the minimization of conditional entropy to recover
missing views while simultaneously maximizing the mutual
information between different views to learn consistent
representations. However, the method only experiments with
two views, and further research is needed to extend it to
multiple views. Xu et al. [49] explored an incomplete multi-
view learning method, assuming that all views share a
common subspace. They leverage the assumption to learn a
joint representation and handle incomplete views through
iteratively updating representations by using a successive
over-relaxation method. Zhu et al. [50] designed a latent
heterogeneous  graph  network that incorporates a
neighborhood constraint and a view-existence constraint for
incomplete multi-view learning. This approach leverages the
graph structure to exploit relationships between views and
handle missing information.

In addition to handling incomplete views, some researchers
also address the issue of missing labels. To address the dual
incompleteness issue of multi-view features and labels, Wen
et al. [51] developed an incomplete multi-view multi-label
learning network. There method integrates missing
information and explores available data and label information
through view-specific feature extraction, weighted fusion, and
classification modules. Although this method combines
available information from different views, simply ignoring
missing values and labels and only utilizing known
information may perform poorly in cases where the missing
proportion is significant. Furthermore, Liu et al. [52]
presented an instance-level contrastive network for this case,
building an end-to-end multi-view feature extraction
framework using stacked auto-encoders. During the handling
of missing cases, this method employs a instance-level
contrastive learning approach to recover missing values.
However, for dealing with missing labels, it only introduces
indicator matrices to mitigate loss caused by missing labels. Li
et al. [53] presented a concise yet effective multi-view
learning model to address problems caused by three
incomplete cases: incomplete views, missing labels, and non-
aligned views. Their model takes into account these challenges
and aims to learn robust representations and accurate
predictions. These examples demonstrate the diverse range of
approaches taken by researchers in incomplete multi-view
learning. These algorithms enhance the robustness and
effectiveness of multi-view learning approaches in real-world
scenarios by addressing these challenges.

In summary, incomplete multi-view learning involves
leveraging multiple views for learning, where each view
provides partial information, and specialized algorithms are
used to handle missing or unreliable data across the views,
resulting in improved performance in classification and
clustering tasks.

2.3 The combination of multi-view learning and other
learning techniques

Combining multi-view learning with other learning techniques
can be a fruitful approach to enhance model performance and
expand its capabilities. The specific combination of techniques
depends on the problem domain, data characteristics, and
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learning task goals. Several methods are summarized as
follows:

Multi-task multi-view learning: Multi-task multi-view
learning is an extension of traditional multi-view learning that
incorporates the concept of learning multiple tasks
simultaneously. In this context, each view represents a
different representation or feature set of the same underlying
data, while each task corresponds to a different prediction
problem or learning objective that needs to be solved. The key
idea behind multi-task multi-view learning is to leverage the
complementary information present in multiple views and the
relationships between tasks to improve the overall learning
performance. For multi-variate time series forecasting, Deng
et al. [54] proposed a multi-view multi-task learning approach.
Their framework assigns specific affine transformations and
normalization to each task from multiple views in time and
space, aiding the model in adaptively extracting multi-view
and multi-task information during prediction. He et al. [55]
proposed a graph-based multi-task multi-view learning
framework, addressing both feature heterogeneity and task
heterogeneity. By constructing a graph model, this framework
effectively integrates the correlations between tasks and the
consistency between views, requiring multiple related tasks to
simultaneously share common views and have specific task
views. Zhang et al. [56] proposed an inductive learning
framework, ensuring the model learns similar functions across
different views for each task by introducing regularization.
Additionally, they considered scenarios involving missing
views and uneven relationships between tasks.

Multi-view multi-label learning: To overcome the issue of
missing labels, researchers have concentrated on multi-view
multi-label learning, where each instance in the dataset is
linked with multiple labels. This setting is common in real-
world applications where data is often heterogeneous and
complex. For example, Zhao et al. [57] explored the multi-
view multi-label classification tasks and explicitly extracted
view-specific label information and low-rank label structure
from misaligned views within a unified model framework.
Zhang et al. [58] proposed a multi-view multi-label learning
method with the basis of sparse feature selection, capturing
discriminative features according to label correlations and
view relations. Yuan et al. [59] addressed the multi-view
partial multi-label learning problem by embedding the learned
unified similarity graph into the label disambiguation process.
Based on label correlation, Liu et al. [60] designed a multi-
view multi-label learning method and applied manifold
regularization terms to preserve the intrinsic structure of data
samples in low-dimensional space. In summary, multi-view
multi-label learning is a specialized variant of multi-view
learning that proves valuable in scenarios where instances
have multiple associated labels. Combining multi-view
learning with multi-label techniques can lead to improved
performance and better generalization, particularly when
dealing with missing labels.

Additionally, There are also many other methods that
combine multi-view learning with other learning methods or
technical frameworks. For example, Li et al. [61] integrates
multiple context structures into a unified framework, explored
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the concept of multi-view multi-instance learning. Xu et al.
[62] presented the multi-view intact space learning approach,
which combines multiple views of data with the aim of
learning a latent intact representation, demonstrating its
effectiveness through theoretical analysis and experiments. Hu
et al. [63] developed a multi-view metric learning framework
which learns the combination of different distance metrics
from multi-view representations. Wu et al. [64] conducted
research on online multi-view learning using knowledge
registration units as a basis for their investigation. Fan et al.
[65] studied the problem of incomplete multi-view learning
under label shift, which estimates the importance weight by
learning the bidirectional complete representation of multi-
view data, achieving label distribution alignment between the
source domain and the target domain. Fu et al. [66] developed
a transudative multi-view zero-shot learning system to address
the concerns of projection domain shift and prototype sparsity.
Shi et al. [67] presented a method by extending the broad
learning system to multi-view learning. Yan et al. [68] studied
a multi-view-oriented multiple kernel learning technique,
capturing complex hierarchical information. Huang et al. [69]
integrated federated learning into multi-view learning, aiming
to address the training of machine learning models on multi-
view data across multiple devices in distributed networks.
Researchers continue to explore and develop new methods by
combining multi-view learning with various learning
techniques to address diverse challenges.

3 Multi-view semi-supervised
classification

In real life, the acquisition of annotated data is often time-
consuming and expensive. How to enhance the performance
of multi-view methods with limited label information is an
issue worth studying. Multi-view semi-supervised learning
refers to a learning paradigm where the task is to leverage both
labeled and unlabeled data from multiple views to enhance the
predictive model’s performance. In this setting, although each
sample has multiple views, its labels are publicly unique.
Different from supervised methods, how to make full use of
limited labels and combine unlabeled data and multi-view
information is the key to it.

A limited amount of labeled data can be used for training,
while a large amount of unlabeled data is used to enhance the
learning process by capturing shared information or
discovering the underlying structure in different views. Since
labels are shared across views, a key idea is to learn a
consistent representation of views. By aligning data from
different views into a common representation space, label
propagation or pseudo-label assignment is achieved while
capturing  complementary  information. = Furthermore,
leveraging additional unlabeled data can improve model
generalization and robustness, especially when labeled data is
scarce or expensive to acquire.

Recently, there has been increasing attention from
researchers on designing new multi-view semi-supervised
learning methods. For instance, Nie et al. [70] presented an
auto-weighted multi-view learning algorithm that combines
semi-supervised classification and local structure learning.



8 Front. Comput. Sci., 2025, 19(7): 197334

Based on their ability to discriminate, these views are given
weights by this algorithm, which incorporates them into the
learning process. Additionally, they proposed two other
methods [71,72], the core idea of which is constructing a
shared label indicator matrix and learning a common
representation from multiple views. By utilizing graph
regularization and the learned common representation, labels
from fixed labeled data are propagated to unlabeled data. Xu
et al. [73] studied a multi-view weakly labeled learning
approach, it effectively utilizes weakly labeled multi-view
data. Their method generates pseudo-label vectors and
incorporates different strategies and iterations to leverage the
weak labels. Wang et al. [74] developed a semi-supervised
discriminative representation learning approach which
simultaneously learns class probabilities of training data and
view-specific representations for multi-view classification.
This method enhances classification performance by
integrating discriminative information from multiple views.
Chao et al. [75] presented a multi-view semi-supervised
learning approach on the basis of maximum entropy
discrimination, which enhances classification performance by
leveraging the geometric information of unlabeled data
through expected Laplacian regularization. Zhang et al. [76]
proposed a fast multi-view semi-supervised learning approach
based on an anchor-based strategy. This approach accelerates
the learning process and enhances performance by effectively
leveraging labeled and unlabeled data in a multi-view context.
Using an embedding regularizer learning approach, Huang
et al. [77] presented a multi-view semi-supervised
classification method, which manipulates data with limited
labels by learning an embedding regularizer to guide the
learning process. Wang et al. [78] presented a deep sparse
regularizer learning model. To handle the challenges of semi-
supervised learning in a multi-view scenario, their model
adaptively learns data-driven sparse regularizers. Qian et al.
[79] presented a framework for semi-supervised dimension
reduction in multi-label and multi-view learning settings.
Their approach explicitly models the information combining
mechanism to effectively reduce dimensionality and enhance
classification performance.

Some researchers have explored multi-view graph-based
semi-supervised learning approaches. Zheng et al. [80]
explored a multi-view graph-based semi-supervised extreme
learning machine. Their approach leverages graph-based
regularization to boost learning of information from multiple
views. Guo et al. [81] designed a unified robust graph-based
semi-supervised multi-view learning scheme. Their approach
reduces the impact of noise and makes use of the
understanding of multi-view data to increase the model’s
robustness and effectiveness. Li et al. [82] proposed a multi-
view semi-supervised learning scheme with the basis of a
relaxation regularization term. Their method learns a well-
structured unified graph that captures the relationships
between instances and incorporates it into the semi-supervised
learning process. These examples highlight the ongoing efforts
of researchers to develop effective multi-view semi-supervised
learning approaches, leveraging the complementary between
views and incorporating unlabeled data to enhance

classification performance and handle real-world scenarios
where labeled data is limited.

Some research works explore the application of multi-view
semi-supervised learning algorithms in different research
areas. For example, Jia et al. [83] proposed a semi-supervised
multi-view deep discriminant representation learning approach
that effectively leverages the consensus and complementary
properties of multi-view data. Their method learns shared and
specific ~ representations, addresses redundancy, and
incorporates unlabeled data to improve performance in
webpage, image, and document classification tasks. Cui et al.
[84] presented a multi-view semi-supervised learning
approach with the basis of a multi-objective scheme for large-
vocabulary continuous speech recognition. Their approach
leverages multiple views of speech data and incorporates
unlabeled data to enhance speech recognition performance.
Thammasorn et al. [85] designed the multi-view triplet
network based on limited data for medical imaging data
classification. Their method utilizes multiple views of medical
imaging data and incorporates unlabeled samples for image
classification tasks.

In summary, the key advantage of multi-view semi-
supervised learning is its ability to leverage limited labeled
samples to capture more information and enhance the
performance of predictive models. By incorporating both
labeled and unlabeled data, the models can learn more robust
and discriminative representations that generalize better to
unseen instances. However, multi-view semi-supervised
learning methods face challenges in two key aspects: First,
when addressing high-dimensional data, the curse of
dimensionality can become more pronounced. As the number
of views and dimensions increases, effectively leveraging the
unlabeled data to learn meaningful representations becomes
more challenging. Second, designing effective algorithms and
models for semi-supervised multi-view learning requires
careful consideration of feature fusion, data alignment, and
model regularization techniques. These factors add complexity
to the learning process, making it more intricate and
computationally demanding.

Addressing these challenges requires innovative approaches
that handle high-dimensional data and effectively incorporate
multiple views and unlabeled data while ensuring model
efficiency and generalization performance. Researchers
continue to explore and develop new techniques to overcome
these challenges and advance the field of multi-view semi-
supervised learning.

4 Multi-view clustering

Multi-view clustering is a subfield of machine learning that
focuses on clustering data using multiple views or
representations. Different from multi-view classification, the
idea behind multi-view clustering is to cluster samples from
different views to uncover latent structures and similarities in
the data without specifying sample categories or labels in
advance. The goal of multi-view clustering is to group
samples into different clusters, where samples within the same
cluster exhibit high similarity, while samples from different
clusters show distinct differences. By integrating information
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from different views, multi-view clustering can capture the
diversity and complexity of the data, thus better revealing the
data’s intrinsic structure and features.

Unlike traditional clustering algorithms that operate on a
single view of data, multi-view clustering leverages the
complementary data from multiple views to improve
clustering accuracy and robustness. For examples, Xie et al.
[86] presented a deep multi-view clustering method and
demonstrated its superiority over single-view baseline
methods for image clustering. By utilizing multiple views of
image data, their approach improved the clustering
performance and captured more fine-grained patterns. Liang
et al. [87] showed that multi-view graph learning has better
robustness and effectiveness compared to single-view for
clustering tasks. Their method effectively integrates views’
information into a unified graph representation, enhancing the
clustering performance by capturing diverse relationships
between data points. Huang et al. [88] explored the multi-view
spectral clustering approach, which outperformed single-view
clustering methods for face recognition tasks. Considering
multiple views of face images, their method improved the
discriminative power and robustness of the clustering process.
Tang et al. [89] demonstrated that multi-view unsupervised
feature selection approaches outperform single-view
approaches. By incorporating multiple views, their approach
identified relevant and complementary features between
views, resulting in improved clustering performance and better
representation of the data. In general, different views capture
distinct perspectives of the data, thus combining them can
provide a more comprehensive understanding of complex
patterns. Multi-view clustering techniques exploit the
complementary nature of multiple views, enabling more
accurate and robust clustering results. These methods
contribute to uncovering underlying structures and discovering
valuable insights in various applications.

The procedure of multi-view clustering typically involves
the following steps [90-97]: data representation, view
integration, similarity or dissimilarity computation, multi-view
clustering algorithm, cluster validation and evaluation,
refinement and iteration, as shown in Fig. 7. Specifically, the
data from each view is represented in a suitable format at first.
This may involve preprocessing steps such as feature
extraction, dimensionality reduction, or normalization for each
view separately. The goal is to depict the raw data in a way
that captures the essential characteristics of each view.

The next step is to integrate the multiple views into a unified
representation. This can be achieved by concatenating the
representations from each view into a single feature vector or

Data
representation

Refinement
and iteration

View Cluster validation
integration and evaluation
Similarity or Multi-view
dissimilarity > clustering
computation algorithm

Fig. 7 The process of multi-view clustering
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by using more advanced techniques such as feature fusion,
subspace learning, or kernel methods. The goal is to combine
the complementary information from different views to
enhance the performance.

Once the views are integrated, the similarity or dissimilarity
matrix between the data points is computed, which is
comparable to clustering ensemble [25,98—101]. This matrix
quantifies the pairwise relationships between the data points
via their integrated representations. Various similarity
measures can be used, such as Euclidean distance, cosine
similarity, or correlation coefficients, with the basis of the
nature of the data and the unique needs of the clustering
technique.

Once the similarity or dissimilarity matrix has been
computed, a multi-view clustering approach is used to
partition the data into clusters. There are several algorithms
specifically designed for multi-view clustering, such as co-
regularized spectral clustering, consensus clustering, or
multiple kernel k-means. These algorithms leverage the
information from multiple views to discover consistent and
robust clusters.

After clustering, it is important to evaluate the clusters
obtained. There are various effective metrics, such as
clustering stability, cluster compactness, or external validation
measures if ground truth labels are available. The evaluation
helps assess the model effectively and provides insights into
the clustering performance.

Depending on the results of the evaluation, it may be
necessary to refine the clustering procedure or revisit the
earlier steps. This could involve adjusting the data
representation, integrating additional views, fine-tuning the
similarity/dissimilarity computation, or exploring alternative
clustering algorithms. Iteration allows for improving the
clustering results iteratively.

By following these steps, multi-view clustering seeks to
leverage the complementary information from multiple views
to realize more accurate and comprehensive clustering results
compared to single-view clustering techniques.

4.1 Multi-view representation learning for clustering

In the task of clustering, multi-view representation learning is
essential for obtaining informative and complementary
representations from multiple views. Unlike multi-view
representation  learning for classification, multi-view
representation learning for clustering is unsupervised learning.
The core idea of multi-view representation learning for
clustering is to leverage information from multiple views to
better discover the latent structure and similarities within the
data, without relying on predefined labels. The scheme of
multi-view representation learning for clustering is shown in
Fig. 8. Its key lies in how to integrate data from different
views to obtain a representation space that reveals the
underlying structure of the data, thus enhancing clustering
performance. Specifically, it requires designing suitable
optimization objectives to maximize the clustering
performance of the data. This may involve considering
weights for different views, regularization terms, and
enhancing the model’s robustness to noise.
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multi-view data
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Fig.8 The scheme of multi-view representation learning for clustering

Researchers have proposed various multi-view clustering
algorithms based on representation learning. For instance,
Chen et al. [102] proposed a multi-view representation
learning approach for clustering data streams. Their approach
incorporates collaborative representation, individual global
affinity matrix construction, and fused sparse affinity matrix
calculation. By effectively capturing the evolving patterns and
structures of data streams, their method shows an excellent
performance in dynamic environments. Zhao et al. [103]
presented an efficient multi-view dictionary learning method
for multi-view clustering. By utilizing a partially shared model
with a flexible ratio of shared sparse coefficients and a
differentiable scale-invariant function as the sparsity
regularizer, their approach achieves improved -clustering
performance. Zheng et al. [104] presented a method that
addresses the challenge of integrating underlying information
from multiple views. Their approach leverages graph-guided
unsupervised multi-view representation learning, which
effectively captures the relationships and dependencies
between views. This leads to improved clustering and
classification performance compared to existing methods.

Additionally, another multi-view representation learning
method for clustering is called multi-view subspace clustering.
By adopting self-representation of the raw data, the model
learns the relationship between samples, thereby converting
the dimension of each sample from original features to sample
size, which is an effective way to achieve clustering of high-
dimensional datasets. After learning the self-representation
matrix of each view, the representations of each view are
fused to construct a common similarity matrix, and then
spectral clustering is performed to obtain the clustering results.
Recently, researchers have proposed various multi-view
subspace clustering methods. For instance, Zheng et al. [105]
explored large-scale multi-view clustering based on subspace
representation learning. Their method leverages the underlying
subspaces of multiple views to effectively capture the data’s
intrinsic  structure. Their approach improves clustering
accuracy and scalability in large-scale scenarios by
considering the subspaces. Zhang et al. [106] proposed a low-
rank tensor constrained multi-view subspace clustering. By
introducing low-rank tensor constraints, they stack the
subspace representations of all views to construct a 3D tensor,
learning the subspace representations of each view and
exploring high-order correlations between views, thus
improving consistency. Although this method enhances the
similarity between views by constructing tensors, it does not

consider the differences between views. Cao et al. [107]
introduced the Hilbert-Schmidt Independence Criterion
(HSIC) as a measure to evaluate the diversity of subspace
representation matrices from different views, thereby
enhancing diversity between views. However, this also
minimizes the consistency between views as much as possible,
making it difficult to extract consensus information. Zhang
et al. [108] assumed that all views can be mapped from a
latent low-dimensional common representation, thereby
enhancing the consistency among views. They then employ
low-rank representation on this latent space to ensure that
samples within the same cluster are as close as possible.

Overall, by leveraging multi-view representation learning,
clustering algorithms can benefit from a more comprehensive
and diverse understanding of the data. These algorithms
capture different aspects and perspectives, resulting in
improved clustering accuracy and robustness. Multi-view
representation learning techniques play a crucial role in
enhancing the effectiveness of clustering algorithms across
various domains and applications.

4.2 Incomplete multi-view clustering

Incomplete multi-view clustering is challenging because there
exist missing or incomplete views which may result in
information loss and affect the clustering results. Handling
this incompleteness requires methods that can effectively
utilize the available information from the incomplete views
while mitigating the impact of missing data. Specifically,
during the model training or representation learning phase,
similar to incomplete multi-view learning, most incomplete
multi-view clustering methods only utilize observed samples
to separately learn different views and construct a common
representation. However, during the missing data completion
phase, incomplete multi-view learning generate missing values
based on the global representation learned from other views of
the missing samples, while incomplete multi-view clustering
relies more on learning the latent relationships or similarity
information between samples. It utilizes these relationships to
find several samples most similar to the unobserved instances
and recover their original values or representation based on
this similarity.

Researchers have proposed various methods to handle
missing or partially available views in multi-view clustering
tasks. For instance, Chao et al. [109] presented a multi-view
co-clustering approach by introducing an indicator matrix to
ignore missing values, thus reducing the impact of incomplete
views. Their method can handle any pattern of incomplete
data and performs excellently in the treatment study of opioid
dependence which would frequently deal with the large
number of missing data items. Furthermore, to address the
case of missing arbitrary values in views, they decomposed
the problem into a two-stage algorithm, including multiple
imputation and ensemble clustering [110]. The algorithm first
completes the missing values and then treats it as complete
multi-view data to weighted ensemble clustering. Fang et al.
[111] studied incomplete multi-view clustering by considering
view variation and view heredity. Their approach takes into
account the variations between views and the relationships
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between data samples. Yang et al. [112] introduced a new
incomplete multi-view clustering method that specifically
deals with the challenges posed by partially view-unaligned
and partially sample-missing data. They utilize a robust
contrastive learning paradigm that handles false negatives
caused by random sampling, improving the robustness. Liu
et al. [113] introduced a fast incomplete multi-view clustering
method that utilizes view-independent anchors learned from
the diversity of distribution among each incomplete view. By
constructing a unified anchor graph, their approach efficiently
handles large-scale tasks with improved complexity and
effectiveness compared to other multi-view clustering
methods. Zhang et al. [114] introduced an isomorphic linear
correlation analysis method and an identical distribution
pursuit completion model. Their approach is developed for
feature-level completion of missing views in multi-view data.
For incomplete multi-view clustering, Yin et al. [115]
designed a learning latent embedding by weighted projection
matrix alignment. Their method incorporates a view
completion model and enforces alignment of different
projection matrices to cluster centers, addressing the
limitations of existing approaches. Shang et al. [116]
introduced a novel generalized incomplete multi-view
clustering method that combines latent representation learning,
spectral embedding, and optimal graph clustering. Their
approach leverages multiple techniques to handle incomplete
views and improve clustering performance. Chao et al. [117]
proposed a multi-view clustering method, which utilizes high-
confidence guidance and graph convolutional networks to
handle incomplete data and simultaneously leverages
complementary and consistent information for end-to-end
clustering optimization. This approach effectively integrates
the handling of missing data across multiple views,
representation learning, and cluster assignment, thereby
enhancing clustering performance.

In general, the technique chosen is determined by the
specific characteristics of the incomplete multi-view data and
the objectives of the clustering task. It is important to carefully
handle the missing or incomplete views to ensure that the
clustering results are meaningful and robust. Researchers
continue to develop innovative methods to address the
challenges of incomplete multi-view clustering and improve
the performance of clustering algorithms in the actual world.

4.3 The combination of multi-view clustering and other
learning techniques

By integrating multi-view clustering with traditional clustering
algorithms, we can leverage the complementary aspects of
each approach and potentially achieve more accurate and
robust clustering results. Here are a few examples of how
multi-view clustering can be combined with other learning
techniques:

Multi-view graph clustering: The core idea of multi-view
graph clustering is to utilize graph structure information from
multiple data views for clustering. It represents different data
views as graphs, where each node in the graph represents a
data sample, and edges represent relationships or similarities
between samples. By integrating information from multiple
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graphs, multi-view graph clustering aims to discover the
intrinsic structure and patterns of the data, thereby assigning
samples to appropriate clustering clusters. For example, Wang
et al. [118] studied multi-view clustering based on multi-order
structured graph learning. By incorporating structured graph
learning, their approach captures the complex relationships
between data points across different views, resulting in
improved accuracy. Wang et al. [119] proposed parameter-free
weighted multi-view projected clustering approach. Their
approach effectively addresses the challenges of high-
dimensional heterogeneous data by combining structured
graph learning and dimensionality reduction, leading to
improved performance. Xia et al. [120] introduced a multi-
view clustering algorithm with the basis of tensorized bipartite
graph learning. By considering both inter-view and intra-view
similarity, their approach addresses the drawbacks of existing
methods and improves the clustering results. Jiang et al. [121]
designed a tensorial multi-view clustering method that
incorporates a low-rank tensor constraint and high-order graph
learning techniques. Their method allows for the efficient
synthesis of crucial information from multiple views, leading
to enhanced clustering accuracy. For multi-view graph
learning, Huang et al. [122] introduced a unified framework
that combines multi-view consistency and diversity. Their
approach leverages both consistency and diversity measures
by effectively integrating information from multiple views.

Multi-task multi-view clustering: Multi-task multi-view
clustering is a method that integrates multiple data views and
multiple clustering tasks. It not only utilizes information from
different views but also considers the objectives of multiple
clustering tasks. For instance, Zhang et al. [123] proposed
multi-task multi-view clustering, which combines the
advantages of both multi-task clustering and multi-view
clustering. Their approach simultaneously considers the shared
and individual structures across multiple views, leading to
improved clustering performance. Furthermore, Zhang et al.
[124] independently cluster samples and features within each
view of each task, aiming to learn shared information between
tasks. They simultaneously minimize the clustering results
between different views to enhance consistency, thereby
addressing the multi-task multi-view clustering problem.

Multi-view spectral clustering: Multi-view spectral
clustering performs spectral clustering on the similarity
matrices constructed from subspace learning or graph
learning. This method often incorporates an indicator matrix-
based graph regularization term into the objective function,
integrating spectral clustering with multi-view representation
learning into a unified framework. For instance, Jiang et al.
[125] developed a graph-based auto-weighted multi-view
consensus spectral clustering. By continuously updating
similarity matrices and optimizing different weights, their
approach addresses the limitations of existing multi-view
learning approaches and improves clustering accuracy. Mei
et al. [126] proposed a new multi-order similarity learning
model, that effectively captures the local structure, adjacent
structure, specificity and consensus of views.

The decision to combine multi-view clustering with other
techniques is driven by the specific characteristics of the data,
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the availability and quality of the views, and the objectives of
the clustering task. More attention has to be attached to the
strengths and limitations of both approaches and design an
integration strategy that maximizes the benefits and
overcomes the challenges of the data at hand. Researchers
continue to explore and develop innovative methods that
combine multi-view clustering with other techniques to
address various challenges in clustering tasks.

5 Multi-view semi-supervised clustering
Multi-view semi-supervised clustering is a variant of
clustering. Unlike multi-view semi-supervised classification
methods, multi-view semi-supervised clustering methods aim
to partition similar samples into the same cluster based on
some prior knowledge. This prior knowledge can be labels or
pairwise constraints between samples, such as must-link and
cannot-link constraints, indicating whether samples belong to
the same cluster. By using the prior knowledge as a hard
constraint to force the learned representations of two samples
to be same (different), if they have must-link (cannot-link). It
combines the benefits of utilizing multiple views and
incorporating partial supervision or prior knowledge into the
clustering process. The core idea is to utilize information from
different data views and partially labeled data or prior
knowledge to discover the latent structure and similarity
within the data, and to assign data samples to different
clustering clusters.

In multi-view semi-supervised clustering, the data is
represented by multiple views, each capturing different
aspects or perspectives of the data. The clustering algorithm
utilizes both unsupervised information from the views and
labeled information for a subset of the data points. Here are
some examples of research works in this area. Qin et al. [127]
proposed a multi-view semi-supervised clustering algorithm
based on structured subspace learning. In their approach,
specific affinity matrices of views are normalized to a shared
affinity matrix, and they use the indicator matrix constructed
from labeled data to guide the learning of corresponding
representations in the common subspace, promoting the
formation of block diagonal structure. This idea enables the
efficient integration of information from multiple views,
leveraging the available labeled data to enhance the
performance. Zhu et al. [128] explored a semi-supervised
multi-view spectral clustering method. Their approach
leverages pre-set labels and tensor minimization to uncover
hidden mutual information in multiple views. It achieves
improved clustering performance compared to existing
methods while maintaining a relatively fast computational
complexity, indicating its potential for various applications.
Zhang et al. [129] proposed a tensorized semi-supervised
multi-view subspace clustering, where must-link constraints
are introduced as hard constraints to enforce consistency of
representations for data in the same cluster, while the
remaining unconstrained data are learned separately as a
subspace. Tang et al. [130] studied a novel regularization
approach that integrates weakly supervised sample pair
constraints into multi-view subspace clustering, such as must-
link and cannot-link. This approach improves performance

and gives semi-supervised subspace clustering an adaptable
framework. Its efficacy has been extensively tested on datasets
from the actual world.

In summary, by integrating multiple views and
incorporating labeled information, multi-view semi-supervised
clustering can leverage the complementary information and
limited supervision to achieve improved clustering results. By
effectively combining unsupervised and supervised learning,
these approaches enhance clustering performance and capture
the underlying structure of the data more accurately.

6 Applications of multi-view learning
Multi-view learning finds applications in various domains,
including multimedia analysis, human activity recognition,
medical diagnosis, traffic monitoring, fraud detection, and
more. It proves to be valuable in scenarios where leveraging
different perspectives or data sources can enhance learning
and decision-making capabilities.

1) Multimedia analysis: In the past few years, multi-view
learning has been widely utilized in the field of multimedia
analysis, including image annotation, audio recognition, video
classification, and more. By considering multiple views, such
as visual, textual, and acoustic information, multi-view
learning improves the accuracy and richness of multimedia
analysis models. Here are some examples: For facial
expression identification, Zhang et al. [131] developed a deep
neural network-based multi-view method. Their method
extracted SIFT features from facial images and employed a
well-designed DNN  model, resulting in improved
performance compared to existing methods on two non-frontal
facial expression databases. For 3D form analysis, Wei et al.
[132] used a multi-view based graph convolutional network,
leveraging multiple views of shape data to enhance the
understanding and analysis of complex 3D objects. For image
manipulation detection, Dong et al. [133] developed multi-
view multi-scale supervised networks. Their approach utilizes
multiple views of images at different scales to improve the
detection accuracy of manipulated images. In multimedia
analysis tasks, integrating information from different aspects
is essential to enhance performance and gain a comprehensive
understanding of the data. Allowing simultaneous
consideration of these views during the learning process,
multi-view learning provides a framework to leverage the
complementary nature of multiple views. This makes it
possible for the models to obtain more detailed and reliable
representations of the multimedia data, leading to improved
analysis and recognition capabilities. Overall, multi-view
learning plays a critical role in advancing multimedia analysis
by effectively combining multiple views and exploiting the
synergies between them to improve performance and enable
more comprehensive data understanding.

2) Human activity recognition: Multi-view learning finds
applications in human activity recognition systems,
particularly in activity monitoring for healthcare or sports
applications. By considering multiple sensor modalities such
as accelerometers, gyroscopes, and video cameras, multi-view
learning enhances the accuracy of activity recognition and
enables a more detailed and comprehensive understanding of
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human behaviors. For example, for the purpose of recognizing
human activity, Tran et al. [134] developed the multi-view
discriminant analysis approach, leveraging multiple views of
sensor data to improve action recognition performance. Wang
et al. [135] explored multi-view multi-instance learning for 3D
action recognition, utilizing multiple views of action
sequences to capture diverse s patio-temporal patterns. For
video-based person re-identification, Chen et al. [136]
presented a multi-view metric learning method, considering
multiple camera views to enhance person matching across
different video sequences.

3) Medical diagnosis: In the domain of medical diagnosis,
multi-view learning is employed to integrate heterogeneous
medical data sources, including patient demographics, medical
imaging, genetic information, and electronic health records.
By considering multiple views, multi-view learning enhances
disease diagnosis, prognosis, and treatment prediction. Here
are some examples. To enhance the accuracy of seizure
detection, Yuan et al. [137] developed a multi-view deep
learning method to address the electroencephalogram (EEG)
seizure detection problem. Yang et al. [138] proposed a multi-
view multi-scale convolutional neural network for ECG
classification, leveraging multiple views of ECG signals at
different scales to capture global and local cardiac patterns.
Puyol-Anton et al. [139] applied a multi-view learning
approach to detect patients with dilated cardiomyopathy,
integrating cardiac imaging data from different sources to
enhance the accuracy of disease detection. Zhang et al. [140]
designed a multi-view learning approach with 11-norm co-
regularization to predict the drug-induced QT prolongation
effect, using diverse views of drug data to enhance the
prediction accuracy. To sum up, in the context of medical
data, each view can provide valuable insights into different
aspects of the same patient or disease. Multi-view learning
techniques aim to effectively integrate these diverse
perspectives, enabling a comprehensive understanding and
enhancing the diagnostic and predictive capabilities of medical
systems.

4) Traffic monitoring: Multi-view learning is important in
traffic monitoring and the development of intelligent
transportation systems. By integrating data from multiple
sources such as traffic sensors, vehicle probes, weather
information, and incident reports, multi-view learning models
enable real-time traffic monitoring, adaptive signal control,
dynamic route guidance, and efficient resource allocation.
Here are some examples of its applications in recent years. Jin
et al. [141] conducted research on multi-view vehicle re-
identification based on a multi-center metric learning
framework. Their approach leverages multiple views to
improve the accuracy of vehicle identification in traffic
surveillance systems. Zhu et al. [142] studied contrastive
multi-view learning and its applications in vehicle recognition
using carrier-free ultrawideband radar. Their method utilizes
multiple views to enhance vehicle recognition capabilities. For
adaptive traffic signal control, Ge et al. [143] combined multi-
view encoders with multi-agent transfer reinforcement
learning and applied them. By leveraging multiple views and
reinforcement learning techniques, they optimize traffic signal

A review on multi-view learning 13

control strategies to improve traffic flow efficiency. Yang
et al. [144] investigated multi-view learning based on
quadruplet loss for baggage re-identification. Their approach
utilizes multiple views of baggage images to enhance re-
identification accuracy in security settings. The applications of
multi-view learning in the traffic domain lead to improved
traffic efficiency, reduced congestion, and enhanced safety.
By integrating and leveraging information from various
sources, these models contribute to more effective and
intelligent transportation systems, enabling better management
and optimization of traffic conditions.

In addition to the above applications, as related technologies
mature, multi-view learning will have broad application
prospects in the future and has potential application value in
many fields.

e Industrial manufacturing: In the industrial manufac-
turing process, traditional anomaly detection methods
usually only consider a single data source, while multi-
view learning can combine different views such as
sensor data, equipment operation data and historical
fault data to effectively improve production efficiency
and quickly detect anomalies.

e Finance: By combining market data, transaction data,
customer behavior data, macroeconomic data, social
media data, etc., multi-view learning can realize many
applications in the financial field, such as risk
management, fraud detection, investment decision-
making and market analysis and forecasting.

e Cyber security: In the field of cyber security, multi-view
learning can utilize multiple data sources such as
network traffic data, system logs, user behavior data,
and threat intelligence to improve the accuracy and
efficiency of intrusion detection, network threat

identification, and user  behavior  analysis,
comprehensively enhancing cyber security protection
capabilities.

As a whole, these applications demonstrate the versatility and
effectiveness of multi-view learning in utilizing many
information sources to enhance the performance. The ability to
combine multiple views allows for a more comprehensive
understanding of complex data and leads to better decision-
making in diverse domains.

7 Challenges

Multi-view learning presents several challenges that
necessitate attention from researchers and practitioners. These

challenges  encompass  view  inconsistency,  view
complementarity, optimal view fusion, the curse of
dimensionality, scalability, limited labels, generalization

across domains, and others.

1) View inconsistency: Within multi-view learning, each
view typically describes different aspects or perspectives of
the data. For instance, image data can be represented by
multiple views constructed from extracting different features
(such as Gabor, LBP, Intensity). Similarly, a webpage can be
described using different types of information such as images,
text, symbols. Although these different types of data can be



14 Front. Comput. Sci., 2025, 19(7): 197334

transformed into a unified vector representation through data
preprocessing, some intrinsic information of the data may be
lost in this process, leading to inconsistencies among the
views. These inconsistencies may arise due to differences in
data preprocessing procedures, choices of embedding
methods, and wvariations in feature scales. Additionally,
inconsistencies can also stem from data missing, noisy data or
labels, and partially view-unaligned. Recently, there have been
several methods [112,145] to address inconsistencies such as
partially ~ view-unaligned, data unmapped, and noise
correspondence, however, relevant research remains scarce.
Furthermore, the relevance of different views or views
obtained through different feature extraction methods to the
learning task may vary, further complicating the issue of view
inconsistency. Therefore, effectively addressing these
inconsistencies is a critical challenge in multi-view learning.

2) View complementarity: While each view offers unique
information, there is also the potential for complementarity
among views. The challenge lies in identifying and effectively
utilizing the complementary information derived from
different views to enhance overall learning performance. This
entails in-depth analysis of the information provided by each
view and their interrelations. Existing multi-view learning
methods often encounter limitations in effectively leveraging
view complementarity. One major limitation 1is the
oversimplified assumption that views are independent and
complementary. In reality, views may exhibit complex
interdependencies, and their complementarity may not be fully
exploited. Additionally, many methods focus solely on
integrating information from different views without
adequately considering their inherent complementarity. This
may result in suboptimal performance, as the complementary
information across views is not fully harnessed.

3) Optimal view fusion: The integration of multiple views
into a single representation or model is a non-trivial task. As
we discussed in Section 1, existing methods can be
categorized into two types based on the timing of view fusion:
early fusion and late fusion. Early fusion primarily integrates
features or representations learned from different views, while
late fusion shares similarities with ensemble learning. It
remains uncertain which fusion method is more effective,
prompting the need for comprehensive theoretical research.
Additionally, assessing the significance of each view during
the fusion process warrants further investigation. Existing
methods primarily employ adaptive learning of view weights
through the introduction of weighting parameters, yet
frequently lack a certain level of rationality or interpretability.
Determining how to combine the views, assessing their
importance, or selecting relevant features from each view
presents a challenge. The fusion process should appropriately
capture shared information while reducing noise and
redundancy.

4) The curse of dimensionality: The dimensionality of the
data can significantly increase when multiple views are
involved. Addressing the curse of dimensionality and avoiding
overfitting necessitate careful feature selection, dimensionality
reduction, or regularization techniques when dealing with
high-dimensional data. Different views may contain similar or

correlated features, or may provide different feature subsets
for the same learning task. How to maintain consistency in
feature selection across different views, address the correlation
and redundancy issues between features, and -effectively
perform feature selection, dimensionality reduction, and
fusion on high-dimensional data to retain the most informative
features, poses a challenge.

5) Scalability: In practical scenarios, the widespread
application of large-scale data has become a reality,
encompassing not only traditional data domains but also
various fields such as the internet, social media, and
biomedicine. However, existing multi-view learning methods
primarily focus on small-scale datasets. As the number of
views or data instances increases, the computational
complexity of multi-view learning methods becomes a
challenge. Therefore, ongoing research is focused on
developing scalable algorithms and techniques capable of
effectively handling large-scale datasets. Recently, Huang
et al. [146] proposed a novel ensemble-based fast multi-view
clustering method with nearly linear time and space
complexity, demonstrating excellent performance on massive
datasets. Further research is warranted to enable multi-view
learning methods to effectively adapt to large-scale datasets.

6) Limited labels: Obtaining labeled data for every view in
a multi-view setting is often challenging and costly. In
supervised or semi-supervised learning scenarios, the shortage
of sufficient labeled data presents challenges. Overcoming this
limitation involves developing strategies to effectively utilize
the limited labeled information or exploring weakly
supervised learning methods. Tan et al. [147] attempted to
learn a shared subspace from incomplete views and weak
labels by exploiting the relationships between views and the
relevance of local labels to approximate the original space.
However, in the field of multi-view learning, weakly
supervised learning is still at an early stage, making it worthy
of further exploration and in-depth investigation.

7) Generalization across domains: In practical applica-
tions, multi-view learning frequently deals with heterogeneous
data sources or different domains, such as images, text. The
issue of domain shifts or discrepancies limits the ability to
generalize the learned models or representations to
diverse domains. Further, many methods overlook the
interrelationships and interactions between different domains,
resulting in models unable to capture the complex
relationships in the real world. Meanwhile, the acquisition of
label information is also an important factor limiting the
model’s ability to generalize across domains. Therefore,
developing more robust and versatile multi-view learning
methods is of great significance.

In summary, effectively addressing these challenges
necessitates the development of novel algorithms, models, and
evaluation methodologies. Such advancements should be
capable of accommodating the complexity and diversity of
multi-view data, thereby enhancing learning performance and
scalability.

8 Conclusion
Multi-view learning is a rapidly expanding field that leverages
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multiple views or data sources to enhance learning 4 SunS, Dong W, Liu Q. Multi-view representation learning with deep
performance across diverse domains. By integrating Gaussian processes. IEEE Transactions on Pattern Analysis and
information from different views, multi-view learning Machine Intelligence, 2021, 43(12): 4453-4468

methods can enhance accuracy, robustness, and generalization
capabilities. Research in this area can be categorized into four
types: multi-view classification methods, multi-view semi-
supervised classification methods, multi-view clustering
methods, and multi-view semi-supervised clustering methods.

However, multi-view learning also presents several
challenges. These challenges encompass handling view
inconsistency, leveraging view complementarity, achieving
optimal view fusion, addressing the curse of dimensionality,
ensuring scalability, dealing with limited labeled data, and
enabling generalization across different domains. Overcoming
these challenges remains an active area of research, and
researchers continue to explore innovative solutions.

Despite the inherent challenges, multi-view learning holds
great potential for solving complex real-world problems. The
versatility of this approach allows for the integration of
diverse perspectives and the handling of high-dimensional
data. Moving forward, advancements in view selection,
alignment, consistency, and other aspects will further propel
the field of multi-view learning, resulting in improved
performance and increased applicability across various
domains.
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