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Multi-view representation learning methods achieve great performance in various domains via fusing com-
plementary and consistent information of views, which have gained great attention. However, there still
exist two issues in current methods. They typically assume strict semantic consistency across views to learn
representations of multi-view data. Moreover, they lack a unified theoretical framework in mining patterns
of multi-view data, making it difficult to gain a deeper understanding of multi-view representation learning.
To this end, a new information-based multi-view representation learning within the encoding-decoding ar-
chitecture is proposed to aggregate complementary and consistent information for mining patterns IMVRL).
It consists of three mutual information objectives for multi-view representation learning, i.e., concentration
learning, consistent learning, and comprehensiveness learning. Three objectives work seamlessly in aggregating
complementary and consistent information to mine patterns of multi-view data. Finally, a series of extensive
tests across three datasets underscore the advantages and efficacy of IMVRL.
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1. Introduction

With the widespread availability of multi-source data, ex-
tracting valuable knowledge and patterns from multiview
data has become an important research topic [1-3]. In tra-
ditional single-view data analysis, valuable information
from other perspectives is often neglected, limiting the
model generalization. The introduction of multiview learn-
ing methods aims to integrate information from different
perspectives, enhancing the accuracy and robustness of
data analysis. By establishing relationships and comple-
mentarity between multiple views, it is possible to more
comprehensively explore inherent structures and patterns
of samples [4].

One important branch of multiview learning methods
is multiview representation learning. Its goal is to extract
effective feature representations from among views, con-
tributing to a better learning of the diversity and inherent
structure of the data [5]. This method enhances the model’s

expressive power and generalization ability by establishing
shared representations across different views. In practical
applications, multiview representation learning is often
used for joint representation learning in data types such as
images, text, and speech, and is particularly advantageous
when dealing with complex, multimodal data.

Currently, the main methods in multiview representa-
tion learning can be divided into traditional methods [5-
7] and deep learning-based methods [8-10]. The former
mainly includes techniques based on linear models and
matrix factorization, which aim to find common subspaces
between different views or establish mapping relationships
between views to achieve information fusion. Typical tech-
niques such as Canonical Correlation Analysis (CCA) and
clustering methods in multiview learning rely on simple
mathematical models, offering good interpretability and
computational efficiency. However, they have limitations
when dealing with large-scale data or nonlinear relation-
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ships. Deep learning-based methods, on the other hand,
have seen rapid development in various domains, par-
ticularly with the maturation of deep learning technolo-
gies. Neural network-based approaches to multiview rep-
resentation learning have gradually become mainstream.
These deep methods automatically learn the complex re-
lationships and high-dimensional feature representations
between different views through end-to-end training. Com-
mon deep methods include Multiview Autoencoders, Mul-
tiview Convolutional Neural Networks (CNNs), and graph
neural network-based multiview representation learning
approaches. These methods show great potential in cap-
turing the nonlinear features of data and enhancing the
model’s expressive power, especially when dealing with
complex structured datasets.

Despite significant progress in multi-view representa-
tion learning, two key challenges persist. First, many ex-
isting methods rely on rigid assumptions about semantic
coherence between different views, which may not always
hold in practical applications. As a result, these approaches
often struggle to handle heterogeneous and complex data
patterns, limiting their ability to generalize effectively to
more diverse and noisy datasets. Second, there is a notable
lack of a unified theoretical framework to comprehensively
explain and guide the design of multi-view learning mod-
els. While techniques like multi-view autoencoders, multi-
view convolutional networks, and graph-based methods
have shown strong performance in specific tasks, the ab-
sence of a consolidated theory makes it difficult to under-
stand why some models outperform others in particular
contexts. Without a solid theoretical foundation, it becomes
challenging to assess the strengths, weaknesses, and limita-
tions of these approaches, hindering further advancements
in the field.

Information theory has gained increasing attention in
deep neural network research, as it provides insights
into the impressive success of contemporary deep algo-
rithms. This has led to the exploration of multi-view learn-
ing through the lens of information theory. Therefore, a
new information-based multi-view representation learning
based on encoder and decoder architectures is proposed for
exploring patterns of data (IMVRL). It consists of three mu-
tual information objectives for multi-view representation
learning, i.e., concentration, consistent, and comprehensive-
ness. Specifically, the concentration objective maximizes
mutual information between the data and its representa-
tion within each view, ensuring that each view captures its
unique, relevant characteristics. This allows the model to
retain complementary information across different views.
The consistency objective then aligns these representations

by maximizing mutual information between the data and
its representations across different views, ensuring that
shared semantic patterns are captured consistently. Finally,
the comprehensiveness objective focuses on the relation-
ship between the fusion representation (the combined rep-
resentation of all views) and the view-specific representa-
tions, balancing complementary and shared information
across views. This synergy allows IMVRL to effectively
integrate diverse information from multiple views while
preserving both unique and common data patterns. The
cooperation of these three objectives results in high-quality
representations that capture the full spectrum of the data,
enabling the model to achieve superior performance even
in the presence of noisy or incomplete data. Finally, exten-
sive experiments on four datasets demonstrate that IMVRL
establishes a new benchmark about ACC, NMI, and ARI,
confirming its superiority as well as effectiveness.

The rest part is organized as follows: Section 2 defines
a new information-based multi-view representation learn-
ing method based on encoder and decoder architectures.
Section 3 verifies the performance on the real multi-view
dataset. Finally, Section 4 concludes the whole work.

2. Methodology

As shown in Fig. 1, a new information-based multi-view
representation learning based on the encoder and decoder
architectures is proposed to learn inherent patterns of multi-
view data (IMVRL). It consists of three mutual information
objectives for multi-view representation learning, i.e., con-
centration, Consistent, and comprehensiveness, which are
explained in detail in the following.

2.1. Concentration learning

Let multi-view data with N samples and V views denote
as X = {X(v) }V , where X(?) = {xgv),xgv), . ,x;f,])
denotes N indegg&den’c and identically distributed data
in the t-th view. For multi-view data, each view typically
contains unique information about the samples that cannot
be provided by other views. To fully capture inherent
information of each view, the concentration learning (CL)
strategy is designed to learn view-specific representations
via maximizing the mutual information between data and
representations, which enables the model to fully exploit
the potential of each view.

Specifically, given data X(?) = {x%v),xgw, . .,xl(\z;)} in
the v-th view, an encoding-decoding architecture is used
to generate corresponding view-specific representations
via mapping data from high dimensional space into latent
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Fig. 1. The illustration of IMVRL. The concentration
learning maximizes the mutual information I (Z (U), x ()
to capture complementary information of views. The
consistent learning maximizes the mutual information
I (Z“ ), X (”)> to capture sharing semantic information
between views. Meanwhile, the comprehensiveness
learning maximizes the mutual information I (Z<”), Z) to
balance complementary and consistent information
between views.

space.

=f(ew) =gt (zng) )
where Z¥ and X? denote view-specific representations and
generation data, respectively. W}’ and W¢ denote parame-
ters of the encoder f” and decoder g7, respectively. Then,
CL maximizes the mutual information between data and

representations to optimize mapping correlations between
data space and latent space:

max I (Z°, X°)

_ v 7.0 v v p(x°,2%)
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where I(,) denotes the mutual information function. In
practical applications, the distribution p (x? | z%) is often
difficult to compute directly. Therefore, a variational ap-
proximation distribution g (x? | z%) is introduced to ap-
proximate p (xY | z). According to the properties of the
Kullback-Leibler divergence, it is stated that:

q(x%|2%)]
v | L0 3
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where I(,) denotes the mutual information function. In

KL[p(x"[2),

practical applications, the distribution p (x? | z7) is often

difficult to compute directly. Therefore, a variational ap-
proximation distribution g (x? | z%) is introduced to ap-
proximate p (x” | z”). According to the properties of the
Kullback-Leibler divergence, it is stated that:

KL[p(x"[2%),q(x" | 2)]

0| @
= /dx”p(x” | zv)log% >0

This implies that the expected value of the logarithm of
p (x? | 2¥) is greater than or equal to that of g (x¥ | z¥). Con-
sequently, p (x” | z) in the mutual information expression
can be replaced with g (x? | z%) to obtain a lower bound:

x| z°
1(Z°%,X%) > /dx”dzvp (x”,zv)log% (5)
Further expanding this expression yields:

1(Z°,X%) /dxvdz p(x%z )log%

= /dx”dzvp(x”,z”)logq (x¥] 2%

/dxp

= /dxvdz p(x%,z%)logq (x° | z°) + H (X")
(6)

To implement mutual information maximization for op-

)logp (x7)

timizing the encoding-decoding architecture in practice,
the empirical data distribution p (x%,z") is utilized to ap-
proximate p (x%,z%) = p (x?) p (z” | x7), and then the loss
of the concentration learning is obtained as follows:

p(x Z by (x7) 675 (2%) @)

maxI(Z”,X”)fvﬁ {/dzp z% | x5) logq (x| z%)
®)

where p(z” | x7) denotes the encoding process and
g (x% | z¥) denotes the decoding process.

2.2. Consistent learning

Multi-view data describe the same sample from different
aspects, sharing the same semantic information. To capture
the correlation between views, consistent learning strategy
is designed to maximize the mutual information between
data and representations from different views, which helps
the model to better understand the same sample from dif-
ferent views. The consistent learning strategy is modeled
as follows:

Specifically, given the v-th view data XY and the /-th
view representations Z" {(I)}, the objective of consistent
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learning strategy is modeled as follows:

max (X”, Zl>

. 1 v
et o
— KL (P (Zl | xv) p(x) ||p (z’) p (xv)>

where p (x?) is the distribution of the input samples and
p (zl | x”) is the cross-view representation distribution.
The adversarial strategy can be utilized to optimize repre-
sentations to have desired statistical information specific
to data. KL denotes kullback-leibler divergence and is un-
bounded. Thus, Jensen-Shannon (JS) Divergence is used to
replace KL divergence:

max (X”, 7! )
=15 (p(Z 1) p () Ip () p ()
Based on the variational estimation of JS divergence,
15 (p (Z12°) P ) lIp () p (7))

=Ey [p(x) [logp (T (xv))] +Ew [q(xv) [log (1 —-P (T (xv)))]
)
. The objective of consistent

(10)

where T (x”) = log %

learning strate can be rewritten as:
max (X*,Z')
— Epy aymp(e ) (a) [1ogp (T (xv,zl ) )] (12)
+ B oy (108 (10 (T (x,2)))]

To implement mutual information maximization for en-
hancing consistent learning of multi-view data in practice,
the negative sample estimation is used, where positive and
negative pairs of data are constructed based on representa-
tions. p(T(-)) is a discriminator to distinguish the negative
and positive sample pairs for achieving the correlation
maximization between views.

2.3. Comprehensiveness learning

Multi-view fusion representations should capture not only
the shared semantic information across different views but
also the unique, complementary aspects that each view pro-
vides. Therefore, Comprehensiveness learning is designed
to achieve a comprehensive mining of multi-view informa-
tion by maximizing the mutual information between the
fusion representations and view-specific representations.
Such an objective ensures that the model effectively inte-
grates and utilizes information from all available views,
enhancing the overall understanding of the sample.

Specifically, given the view-specific representations Z°,
the objective of the comprehensiveness learning is defined
as follows:

max [ (Z% 2) (13)

Similar to Eq. (7), maximizing mutual information
1(Z?,Z) is equivalent to

min ||G?ZY — Z|| (14)

where Z denotes fusion representations of multi-view data.
G? denotes fusion functions of the v-th views.

2.4. The overall objective function

IMVRL utilizes the following objective function L to opti-
mize the overall model via integrating three mutual infor-
mation objectives into a unified encoding-decoding multi-
view representation learning architecture:

L="Li+aly+BL3

|4 vV Vv
- (Z maxI(Z”,Xv)> +a ) Y maxI (Z,x°)
v=1

v=11#v

|4
+B Y maxI(Z° Z)
v=1

(15)
where « and B are hyperparameters that are used to balance
the learning of complementary and consistent information
of multi-view data. IMVRL is updated iteratively using
stochastic gradient descent (SGD) as follows:

011 = 0r — VoL (By; 0) (16)

where 6; denotes the parameters at iteration ¢, 77 is the learn-
ing rate, B; is a randomly selected mini-batch, and L (B;; 6;)
is the loss function evaluated on B;. Starting with initial-
ized parameters 6y, the algorithm updates the parameters
at each step by computing the gradient of the loss function
over the mini-batch B; and scaling it by the learning rate.
This process is repeated epoch by epoch until a predefined
stopping criterion, such as a fixed number of epochs, is
met. SGD ensures efficient and incremental parameter up-
dates, progressively refining the model to minimize the
loss function and improve performance.

Table 1. The detailed statistics of three datasets.

Datasets Class Sample View  Type
Caltech101-20 20 2386 2 image
LandUse-21 21 2100 2 image
Scene-15 15 4485 2 image

IMVRL leverages a multi-objective framework to inte-
grate complementary and consistent information across
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Table 2. The clustering results on Caltech101-20 dataset.

Metric DFMVC FDAGF PVC PIC Deal SCM CVCL IMVRL
ACC 0.5956 0.6345 0.4491 05746 0.5964 0.6378 0.6218 0.6618
NMI 0.5624 0.5822  0.5213 0.5702 0.5688 0.5723 0.5712 0.5882
PUR 0.6312 0.6357 0.3577 0.3714 03577 0.3233 0.5156 0.6596

Table 3. The clustering results on LandUse-21 dataset.

Metric DFMVC FDAGF PVC PIC Deal SCM CVCL IMVRL
ACC 0.2031 0.2232  0.2222  0.2255 0.2158 0.1958 0.2058 0.2305
NMI 0.2221 0.2441 02585 0.2614 0.2612 0.2312 0.2412 0.2733
PUR 0.0843 0.0944 0.0875 0.0722 0.0755 0.0562 0.0778 0.0988

Table 4. The clustering results on Scene-15 dataset.

Metric DFMVC FDAGF PVC PIC Deal SCM CVCL IMVRL
ACC 0.3012 0.3111 0.2491 0.2746 0.2596 0.3090 0.3083 0.3231
NMI 0.3884 0.3994  0.2213 0.3302 0.3088 0.3723 0.3805 0.4002
PUR 0.2059 0.2011  0.1532 0.1654 0.1557 0.1893 0.1998 0.2250

multiple views, offering three key advantages: (1) Con-
centration learning, which maximizes mutual information
within individual views to fully capture view-specific de-
tails; (2) Consistency learning, which ensures shared se-
mantic information is consistently captured across views;
and (3) Comprehensiveness learning, which preserves both
shared and unique information by maximizing mutual in-
formation between fusion and view-specific representa-
tions. Together, these objectives provide robust, holistic
data representations, enabling IMVRL to outperform tradi-
tional methods in multi-view tasks by delivering nuanced
and accurate representations essential for complex data
mining and pattern recognition applications.

3. Result

3.1. Setup

Dataset and Metric: Caltech101-20, LandUse-21, and Scene-
15 in multi-view scenarios are utilized in the experiments
[11, 12]. The detailed dataset statistics are shown in Table 1.
ACC, NM]I, and ARI are used to validate the performance
between methods. Caltech101-20 contains 2386 samples
and 20 classes where each sample has two views. LandUse-
21 contains 2100 samples and 21 classes where each sample
has two views. Scene-15 contains 4485 samples and 15
classes where each sample has two views.
Implementation Details: The IMVRL model is imple-
mented using the PyTorch framework and trained on an
NVIDIA GeForce RTX 3090 GPU. The model’s hyperpa-
rameters are optimized through a series of experiments to
achieve the best performance on each dataset, with specific
settings for the number of epochs, learning rate, batch size,

and hyperparameters that control the relative importance
of different objectives. For the Caltech101-20 dataset, the
model is trained for 200 epochs with a batch size of 256 , a
learning rate 7 of 0.001, and the regularization hyperpa-
rameters a and f3 set to 0.05 each. For the LandUse-21 and
Scene-15 datasets, the model is trained for 500 epochs with
a batch size of 256 , a learning rate of 0.0001 , and both «
and f are set to 0.5 . The architecture consists of 4 encoder
layers and 3 fusion layers across all datasets. The encoder
layers are designed to capture the data’s intrinsic features,
while the fusion layers combine information across dif-
ferent views, ensuring the model learns comprehensive
representations.

Comparison Methods: Seven methods are compared
on three datasets about ACC, NMI, and ARI, to demon-
strate the performance of IMVRL, containing DFMVC [13],
FDAGEF [14], PVC [15], PIC [16], SCM [17], Deal [18], and
CVCL [19].

3.2. Comparisons with State-of-the-arts

From the results in Tables 2 to 4, IMVRL outperforms all
other baselines on the Caltech101-20, LandUse-21, and
Scene-15 datasets about ACC, NMI, and ARL. Specifically,
IMVRL obtains the highest results across three metrics
on three datasets, demonstrating superior performance
of IMVRL. This remarkable performance can be attributed
to two primary factors. First, IMVRL employs a sophis-
ticated multi-view representation learning approach that
integrates three key mutual information objectives: con-
centration, consistency, and comprehensiveness. The con-
centration objective maximizes the mutual information be-
tween data and representations within each view, enabling
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the model to capture complementary information specific
to each view. The consistency objective focuses on aligning
the representations across different views by maximizing
the mutual information between the data and representa-
tions in those views, ensuring that shared semantic informa-
tion is captured. Finally, the comprehensiveness objective
balances both complementary and consistent information
by maximizing the mutual information between fusion rep-
resentations and view-specific representations, resulting
in a more comprehensive and robust representation of the
multi-view data. Second, the model’s architecture ensures
effective balancing of complementary and consistent infor-
mation across views, which is critical for improving over-
all performance. This holistic approach enables IMVRL
to outperform traditional methods, which either rely on
single-view data or employ less sophisticated multi-view
learning strategies.

Additionally, two important insights emerge from the
results: (1) Challenges of Baseline Methods with Multi-
View Data: Several baseline methods, including DCCA,
DCCAE, and PVC, demonstrate limited performance across
all datasets. These models struggle to capture the com-
plex relationships between multiple views, as reflected in
their lower clustering accuracy and weaker mutual infor-
mation performance. This underscores the difficulty of
effectively modeling multi-view data using these tradi-
tional approaches. In contrast, IMVRL overcomes these
challenges by integrating complementary and consistent
information across views, enabling superior performance.
(2) Advantages of Multi-Objective Learning in IMVRL: The
results also highlight the effectiveness of IMVRL's unique
multi-objective learning approach. Although methods like
PIC and Deal show relatively better performance than other
baselines, they still lag behind IMVRL across all evaluation
metrics. This performance gap indicates that the combina-
tion of the concentration, consistency, and comprehensive-
ness objectives in IMVRL provides a more balanced and
comprehensive strategy for learning from multi-view data,
leading to improved representation quality and clustering
accuracy.

Table 5. Ablation experiments of IMVRL on Caltech101-20.

L1 L2 L2 ACC NMI ARI

i 0.4212 0.4056 0.4352
i 0.5546 0.5198 0.5977
05632 0.5211  0.6211

i i 0.6068 0.5354 0.6424
V2 06332 0.6023 0.6453

i v 05862 05324 0.5844

v /06618 0.5882 0.6596

3.3. Ablation Study

IMVRL conducts six ablation experiments on the
Caltech101-20 datasets about three metrics to test the ef-
fectiveness and design rationality of each loss function.
Specifically, (1) IMVRL uses the loss L_1 to train the multi-
view encoding-decoding architecture for mining patterns
of multi-view data. (2) IMVRL uses the loss L._2 to train
the multi-view encoding-decoding architecture for mining
patterns of multi-view data. (3) IMVRL uses the loss L_3
to train the multi-view encoding-decoding architecture for
mining patterns of multi-view data. (4) IMVRL uses the
loss L_2 and the loss L_1 to train the multi-view encoding-
decoding architecture for mining patterns of multi-view
data. (5) IMVRL uses the loss L_2 and the loss L_3 to train
the multi-view encoding-decoding architecture for mining
patterns of multi-view data. (6) IMVRL uses the loss L_1
and the loss L_3 to train the multi-view encoding-decoding
architecture for mining patterns of multi-view data.

As shown in Table 5, the ablation study reveals three
key insights. First, relying on a single loss function (L_1,
L_2, or L_3) result in suboptimal performance, as each
capture only a specific aspect of multi-view data—view-
specific details, shared semantics, or comprehensive bal-
ance—failing to model the full complexity. Second, com-
bining two loss functions, such as (L_1 (concentration) and
L_2 (consistency), significantly enhances performance by
aligning view-specific and shared information, demonstrat-
ing the synergistic benefits of multi-objective optimization.
Finally, integrating all three loss functions—concentration,
consistency, and comprehensiveness—achieves the best re-
sults by holistically balancing complementary and shared
information, leading to robust and high-quality representa-
tions. These findings confirm that IMVRL's multi-objective
framework is essential for fully leveraging multi-view data,
outperforming single-objective approaches in capturing
complex patterns and achieving superior multi-view learn-

ing performance.

3.4. Parameter analysis

To evaluate the impact of the hyperparameters a and §,
which control the balance between the different loss com-
ponents in IMVRL, we conducted an extensive parameter
analysis across three datasets in terms of ACC and NML
In these experiments, both « and B were varied within
a predefined set of values: {5,0.5,0.05,0.005}. For each
combination of these hyperparameters, we recorded the
resulting performance and examined how changes in these
parameters affect the clustering quality. The experiment re-
sults are illustrated in Fig. 2. As observed, IMVRL achieves
the best performance on three datasets and three metrics,
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(e) Scene-15 (ACQC)

(f) Scene-15 (NMI)

Fig. 2. The hyperparameter analysis of « and p on the three datasets.

when « and B are set within the range 0.05, 0.5. This opti-
mal range indicates that the model exhibits robust perfor-
mance with respect to the hyperparameters, highlighting
their effective role in balancing multi-view complementary
learning. Specifically, the value selection of these hyperpa-
rameters ensures a suitable trade-off between the different
objectives of concentration, consistency, and comprehen-
siveness, thus improving the overall representation learn-
ing and clustering accuracy. Moreover, the experimental
results also demonstrate that setting either « and  too high

or too low leads to suboptimal performance. For instance,
when both hyperparameters are set to values like 5 or 0.005,
the clustering quality diminishes, suggesting that overly
strong or weak contributions from the individual loss terms
hinder the ability to integrate information of views effec-
tively. These findings further underscore the importance of
carefully tuning a and B to achieve the best performance,
with the chosen optimal values reflecting the inherent ro-
bustness of the IMVRL framework in handling multi-view
data.
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(a) Results on Caltech101-20 of IMVRL.
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(b) Results on Scene-15 of IMVRL.

Fig. 3. Robust analysis on the two datasets.

3.5. Parameter analysis

To evaluate the robustness of IMVRL, experiments were
conducted by simulating incomplete multi-view data,
where 50% of the views were randomly dropped for each
sample. This approach tests the model’s ability to handle
missing information and maintain high performance un-
der challenging conditions. The results, shown in Fig. 3,
compare IMVRL with baseline methods on the Caltech101-
20 and Scene-15 datasets, using ACC, NMI, and ARI as
evaluation metrics. IMVRL consistently outperforms the
baselines in all metrics across both datasets, demonstrating
its superior robustness in handling incomplete views. The
performance gap between IMVRL and the baselines un-
derscores its ability to effectively learn from the available
views, ensuring good performance even in the presence of
missing or noisy data. This highlights IMVRL's capability
to maintain optimal performance in real-world scenarios
with incomplete data.

4. Conclusions

IMVRL is an information-based multi-view representa-
tion learning method that integrates three core objec-
tives—concentration, consistency, and comprehensive-
ness—to capture complementary, shared, and balanced
information across views. By maximizing mutual informa-
tion within and across views, IMVRL achieves high-quality
representations, consistently outperforming existing meth-
ods on benchmark datasets. However, challenges remain in
scalability, hyperparameter optimization, generalization to
diverse views, and efficient mutual information estimation.
Addressing these will be critical for enhancing IMVRL’s
applicability to real-world scenarios.
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