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Abstract

Multimodal clustering (MMC) focuses on learning
consistent representations through fusing discrimi-
native features from each modality in an unsuper-
vised fashion. Recently, information bottleneck-
based MMC methods transform the representation
learning into a non-redundant multimodal feature
puzzle process. However, they depend on manually
setting the trade-off parameter β to compress task-
irrelevant features while preserving task-relevant
features, which severely impairs final clustering re-
sults. In addition, manually setting β overlooks
both the information quality balance and the in-
formation quantity balance, hindering the learning
of compact and meaningful representations for dis-
covering cluster patterns. In this work, we pro-
pose a novel βqq-guided information bottleneck
(βqq IB) for addressing the aforementioned prob-
lems. The core of βqq IB is a self-balance mech-
anism that consists of a βquality component and
a βquantity component. The βquality component
aims to achieve an information quality balance by
modeling the relation between task characteristics
and data sample scale. Meanwhile, the βquantity

component intends to realize information quantity
balance through modeling the dynamic changes of
data scale within the deep variational architect. Ex-
periments on six benchmark datasets demonstrate
the superiority of βqq IB method. To the best of
our knowledge, this is the first work to investigate
self-balance learning in IB-based multimodal clus-
tering.

1 Introduction
Multimodal clustering (MMC) is a hot topic in the era of large
language models, and it focuses on learning semantically con-
sistent representations by fusing the most discriminative fea-
tures from each modality to identify cluster patterns [Chowd-
hury et al., 2025; Fang et al., 2023]. MMC has been success-
fully used into many real-world application scenarios, such as
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Figure 1: The intractable issues of manually setting trade-off opera-
tor β in IB-based MMC methods. (a) Clustering results comparison
on Caltech 4V using the same IB-based method with automatically
learned β versus manually tuned β. (b) Overlook information qual-
ity balance and information quantity balance leads to suboptimal so-
lutions in the mutual information (MI) minimum-maximum trade-
off space.

autonomous drone operation and cross-camera object identi-
fication. Of all the MMC methods, information bottleneck
(IB)-based MMC is one of the effective methods working on
by exploring information compression-preservation mecha-
nism to learn compact and meaningful representation from
different modalities.

Existing IB-based MMC methods can be broadly catego-
rized into two groups: (1) Classical IB method: Employ-
ing classical machine learning methods for modality feature
mining. For instance, a Markov process is used to compute
within-modality data similarity [Tishby and Slonim, 2000].
Afterwards, an information-theoretic function is employed
to capture low-level features within each modality and high-
level features across modalities [Yan et al., 2020]. A weight
learning-based MMC framework has been proposed to effec-
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Figure 2: The overall architecture of our βqq guided information bottleneck (βqqIB) method. It empowers the self-balance of deep IB through
by jointly modeling information-quality and information-quantity balance, enabling the learning of compact and meaningful representations
for MMC.

tively learn both cluster-wise and modality-wise weights [Hu
et al., 2022]. (2) Deep IB method: Leveraging deep learn-
ing architectures to learn multimodal representation. For ex-
ample, a contrastive learning framework is employed to ex-
plore cross-modality correlations by extracting cluster struc-
tures and modality features [Mao et al., 2024]. Similarly,
a transformer mechanism is employed to fuse features from
different modalities in a way that benefits downstream tasks
[Li et al., 2025]. In previous work [Hu et al., 2025b], deep
variational technique is used to learn multi-aspect self-guided
information from levles of modal features and cluster assign-
ments.

However, all of the above methods encounter an intractable
challenge of manually setting the trade-off operator β, which
is central to IB theory for balancing information compression
and preservation, as shown in Fig. 1. This manual strategy
directly degrades the performance of IB-based MMC meth-
ods when dealing with surging volumes of multimodal data.
In addition, manually setting β overlooks information quality
balance and information quantity balance, leading to unsat-
isfactory balance of compressing task-irrelevant features and
preserving task-relevant ones.

In this work, we propose a novel βqq-guided information
bottleneck (βqq IB) for addressing the aforementioned prob-
lems, as shown in Fig. 2. The core of βqq IB is a self-
balance mechanism that consists of a βquality component and
a βquantity component, which guides the proposed method
to extract compact and meaningful features from different
modalities. The βquality component aims to achieve an in-
formation quality balance by modeling the relation between
task characteristics and sample scale, thereby facilitating the
extraction of the most task-relevant features. Meanwhile, the
βquantity component intends to realize information quantity

balance through modeling the dynamic changes of data scale
within the deep variational architect, enhancing the proposed
method’s adaptability to large-scale multimodal datasets. Ex-
periments on six benchmark datasets demonstrate the superi-
ority of βqq IB method.

• To the best of our knowledge, we are the first to investi-
gate self-balance learning in IB-based clustering.

• A novel βqq IB method is proposed to enhance MMC
performance in a β-free manner.

• A new self-balance mechanism is developed by integrat-
ing both information quality balance and information
quantity balance.

• Experiments on diverse multimodal and large-scale
datasets demonstrate the superiority of the βqq IB
method.

2 Related Work
2.1 Information Bottleneck
IB theory is a powerful mechanism for learning compact and
meaningful representations by balancing mutual information
minimization and maximization [Tishby et al., 1999]. Re-
cently, deep IB is proposed to encode data samples by a
Gaussian latent distribution and optimize variational lower
bounds through the reparameterization trick to achieve end-
to-end training mode [Alemi et al., 2017]. It has been suc-
cessfully applied to a wide range of areas in computer vi-
sion and large language modeling, such as representation
learning [Amjad and Geiger, 2020], video action recognition
[Fan et al., 2022], and information extraction [Wang et al.,
2025]. For MMC, IB theory reshapes representation learn-
ing into a non-redundant multimodal feature puzzle, thereby
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achieving promising clustering performance [Hu et al., 2022;
Yan et al., 2024; Lou et al., 2024; Lou et al., 2025a;
Mao et al., 2025]. However, these MMC models treat the IB
trade-off operator β as a hyperparameter and rely on manual
tuning. This approach does not scale to the rapidly growing
volume of multimodal data and overlooks the functional roles
of information quality and information quantity in balancing
information compression-preservation. In this work, we in-
tend to address this challenge by empowering self-balance of
deep IB to achieve satisfactory clustering results.

2.2 Multimodal Clustering
The MMC task aims to discover satisfactory cluster structures
by fully exploiting complementary features across heteroge-
neous modalities. We classify existing MMC methods into
two categories. (1) Non-IB-based methods: Learning rich
multimodal representations with deep neural network archi-
tectures is important for identifying clustering [Zhang et al.,
2025; Zhao et al., 2025]. For example, a graph neural net-
work is constructed to obtain multimodal representation with
rich high-level data features and non-Euclidean structural fea-
tures [Li et al., 2022]. Subsequently, Transformer mechanism
is introduced to extract modality-specific discriminative fea-
tures, aiming to address the feature conflict issue [Dong et
al., 2025]. The contrastive learning framework is proposed to
learn enhanced multimodal representations to perform MMC
task [Zou et al., 2024; Lou et al., 2025a]. (2) IB-based meth-
ods: Learning compact representations with IB theory has
been an attractive approach. For instance, a differentiable
IB framework is proposed to achieve representation compres-
sion without requiring variational approximation [Yan et al.,
2024]. More recently, contrastive learning has been combined
with IB theory to learn compact and meaningful multimodal
representations, leading to improved clustering performance
[Lou et al., 2025b]. The sufficiency criterion is employed to
reduce cross-modality redundancy and learn compact multi-
modal representation [Mao et al., 2025].

3 The Proposed βqq IB Method
3.1 Problem Formulation
Let X = {X1, X2, ..., Xn} be the input data samples, where
Xi = {xij}j=m

j=1 represents the different modalities for each
sample. H = {H1, H2, ...,Hn} denotes multimodal repre-
sentation, which fuses features from each modality. {Yi}i=n

i=1
represents the clustering assignment of multimodal represen-
tation H classified by the clustering model. The objective of
βqq IB is to learn a compact and meaningful representation
p(h|x) of X to Y in self-balance paradigm, where C is the
number of clusters.

3.2 Overview of Objective Function
In this part, we propose a novel self-balance mechanism to
address the issue of manually setting β in IB-based MMC
methods, with the overall objective function defined as fol-
lows:

Lθ = I(H;X)− φ(β)I(H;Y ) (1)

where φ is a self-balance mechanism that eliminates the need
for manual configuration and θ denotes a set of hyperparam-
eters.

3.3 Self-balance Mechanism
In this section, a novel self-balance mechanism is proposed
for βqq IB method, where the self-balance learning consists
of two parts, including information quality balance and in-
formation quantity balance. At its core, it reflects dynamic–
static dependency, a principle that resonates with the function
of the dam crest in hydraulic engineering. The overall self-
balance learning is defined as:

φ(β) = βquality + βquantity (2)
where βquality denotes the information quality balance and
βquantity is information quantity balance.

Information Quality Balance. This component models
the relation between task characteristics and sample scale to
balance mutual information compression and preservation,
aiming to extract the most task-relevant features. The detailed
formulation is provided as follows:

βquality =
f(Y )

f(X)
10−[logf(X)f(Y )] (3)

where f(·) is the spatial size of the discrete object.
The above formula balances the relative importance of data

samples X and labels Y to ensure that the cluster information
is not overshadowed by the data sample information. The first
term of Eq. (3) is used to quantify the relative importance of
cluster information to maintain the proposed model can pri-
oritize more important task-relevant information. The sec-
ond term of Eq. (3) adjusts information compression by ap-
plying a logarithmic transformation to the joint information
between data samples and labels, which intends to preserve
better quality of information.

Information Quantity Balance. In this part, we model the
dynamic changes of data scale within the deep variational ar-
chitecture to achieve information quantity balance, aiming to
enhance adaptability of the proposed method. It works by us-
ing the hyperparameters in θ to balance information quantity,
with the detailed formulation provided as follows:

βquantity = g(l)g(b)d (4)
where g(·) denotes the root operation, {l, b, d} ∈ θ corre-
sponds to the learning rate, batchsize, and dropout rate, re-
spectively.

The above formula represents the automatic adjustment
of information distribution through the interaction of learn-
ing rate, batchsize, and dropout rate, thereby balancing in-
formation compression-preservation of the proposed method.
This mechanism is consistent with the statistical averaging
principle underlying the law of large numbers: under large-
scale optimization dynamics, the overall distribution of task-
relevant and task-irrelevant information tends to exhibit ap-
proximate statistical stability. Therefore, this strategy en-
sures that the model can effectively learn from large-scale
data while preventing overfitting and information loss, op-
timizing the balance of information throughout the learning
process.
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Algorithm 1 Algorithm for Optimizing the βqq IB

1: Input: Multimodal dataset X , cluster number C, hyper-
parameter set {l, b, d}

2: Output: Final clustering results
3: Initialize: p(x, y) ← Calculate joint probability distri-

butions
4: φ(β)← Learn self-balance trade-off operator via Eq. (2)

5: repeat
6: H ← adopt deep variational techniques to encode mul-

timodal representation
7: Compute the CrossEntropy(y, ŷ) between pseudo-

label and learned label
8: D(p(H|X), q(H)) ← according to the Gaussian dis-

tribution N (µ(x), σ(x))
9: L ← compute loss of Eq. (1)

10: Utilize AdamW algorithm to optimize the L
11: until Convergence

3.4 Analysis on the Method
Observing from the proposed βqq IB method, there are three
main advantages compared with IB-based MMC methods.

• To the best of our knowledge, this is the first work to in-
vestigate self-balance in IB-based MMC methods, solv-
ing the long-standing intractable issue of manually set-
ting the trade-off operator β.

• The novel self-balance mechanism incorporates infor-
mation quality balance and information quantity bal-
ance, leading to more compact representations and im-
proved clustering results.

• The βqq IB operates as a β-free paradigm, making it
well-suited for use in a variety of real-world applica-
tions.

3.5 Optimization
Following previous work [Alemi et al., 2017; Wang et al.,
2025], we adopt gradient descent algorithm to optimize
Eq. (1) in an end-to-end fashion. It aims to achieve promising
clustering results through a self-balance pattern. The detailed
algorithmic framework is presented in Algorithm 1.

4 Experimental Validation

Dataset Modality Sample Clusters

Caltech 3V 3 1400 7
Caltech 4V 4 1400 7
CCV 3 6773 20
Event 3 1579 8
Large Dataset Modality Sample Clusters
ESP-Game 4 11032 7
MIRFlickr 4 12154 6

Table 1: Details of the involved datasets.

Method Value Space

DIB {100, 10−1, 10−2, 10−3, 10−4}
MNRC {0.3, 0.6, 0.9, 1.1.2, 1.5, 1.8}
SDCIB {100, 10, 102, 103, 104}
MSDIB {0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1}
βqq IB β-free

Table 2: β settings of IB-based methods.

4.1 Datasets
We used six publicly available multimodal datasets as well as
large-scale datasets to validate the superiority of the proposed
βqq IB method. The details are presented in Tab. 1.

Caltech1 is an image dataset consisting of 1,400 im-
age samples categorized into 7 clusters, which derives two
multimodal datasets Caltech 3V and Caltech 4V. The Cal-
tech 3V is constructed from three modalities: Wavelet mo-
ments, CENTRIST, and LBP. The Caltech 4V adds a new
GIST modality on top of Caltech 3V.

CCV2 is a video dataset containing 6,673 samples from
20 clusters, featuring three types of views: SIFT, STIP, and
MFCC.

Event3 contains eight kinds of sports event classes with
1579 images, which includes three modalities of shape, color
and texture.

ESP-Game4 is a social image dataset collected from an on-
line image annotation game, consisting of 11,032 social im-
age instances, divided into 7 clusters.

MIRFlickr5 is a cross-modal dataset consisting of im-
ages and corresponding labels, containing 12,154 instances
divided into 6 clusters.

4.2 Compared Methods
We compared the proposed method with various state-of-the-
art MMC methods, categorized into two types:

Non-IB-based MMC methods: These methods mainly
refer to the use of classic machine learning algorithms and
deep learning frameworks to identify clustering patterns, in
which K-means [McQueen, 1967], NCuts [Shi and Malik,
2000], SMVSC [Sun et al., 2021], SPDMVC [Chen et al.,
2024], DIVIDE [Lu et al., 2024], LUCE-CMC [Zou et al.,
2024], ICMVC [Chao et al., 2024], PGCL-DCL [Hu et al.,
2025c], and STCMVC [Hu et al., 2025b], PDMC-RCL [Lou
et al., 2025a].

IB-based MMC methods: We select four state-of-the-
art IB-based MMC methods for experimental comparison, in
which DIB [Yan et al., 2024], MNRC [Mao et al., 2025],
SDCIB [Lou et al., 2025b], and MSDIB [Hu et al., 2025a].
Tab. 2 demonstrates the β values used by the aforementioned

1https://data.caltech.edu/records/mzrjq-6wc02
2https://www.ee.columbia.edu/ln/dvmm/CCV/
3http://vision.stanford.edu/lijiali/event dataset/
4https://www.kaggle.com/datasets/parhamsalar/espgame?

utm source=chatgpt.com
5http://press.liacs.nl/mirflickr/
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Method
Caltech 3V Caltech 4V CCV Event ESP-Game MIRFlickr

ACC NMI ACC NMI ACC NMI ACC NMI ACC NMI ACC NMI

Kmeans 46.3 31.3 54.6 46.7 19.4 17.6 34.7 20.7 35.4 21.8 38.1 25.6
Ncuts (TPAMI’00) 42.6 25.4 67.8 47.9 21.6 17.8 34.8 15.5 37.2 22.9 46.1 29.8
SMVSC (MM’21) 54.8 43.3 60.1 53.3 20.6 16.3 49.0 32.1 56.0 39.0 53.4 33.3
SPDMC (TNNLS’23) 51.4 40.5 66.5 60.9 10.8 6.0 30.2 13.6 39.1 21.4 58.4 36.6
DIVIDE (AAAI’24) 60.9 53.8 64.3 57.9 16.4 11.1 33.9 16.2 41.1 20.0 52.6 30.7
LUCE-CMC (MM’24) 75.6 62.9 80.6 70.0 34.3 32.4 58.7 42.8 51.6 34.7 60.4 42.0
ICMVC (AAAI’24) 58.2 43.0 83.1 72.2 10.9 6.6 36.4 30.3 45.8 29.5 43.5 24.4
PGCL-DCL (TNNLS’24) 71.9 61.5 71.6 62.7 35.5 32.7 51.6 33.5 47.4 30.0 58.0 36.8
STCMVC (AAAI’25) 76.3 71.6 86.9 78.8 22.1 25.4 56.9 40.1 56.0 38.0 57.0 40.6
PDMC-RCL (TIP’25) 67.9 57.6 85.1 75.9 14.1 8.8 19.4 2.4 35.0 15.3 50.4 31.4

DIB (CVPR’24) 73.0 63.9 75.9 74.9 23.1 24.8 41.7 31.2 59.1 37.8 55.3 39.1
MNRC (TII’25) 62.4 58.1 73.4 66.5 16.9 15.3 50.2 37.0 58.7 44.5 29.2 14.9
SDCIB (ICML’25) 70.8 62.8 81.8 71.0 34.3 31.7 60.1 43.7 52.3 36.7 54.7 39.2
MSDIB (AAAI’25) 66.1 56.5 71.1 63.9 22.7 18.9 30.6 12.4 47.4 37.7 58.4 37.5

βqq IB 72.7 63.3 88.7 80.7 36.3 35.5 62.2 45.6 68.1 45.5 59.3 40.9

Table 3: Clustering performance comparison on multimodal datasets. Bold values indicate the best results. Underline values represent the
second-best results.

Method
Caltech 3V Caltech 4V CCV Event ESP-Game MIRFlickr

ACC NMI ACC NMI ACC NMI ACC NMI ACC NMI ACC NMI

DIB 73.0 63.9 75.9 74.9 23.1 24.8 41.7 31.2 35.8 21.8 55.3 39.1

DIB + βqq 74.6 65.4 84.2 76.2 27.0 27.6 49.8 35.1 40.5 26.8 56.6 40.9

MNRC 62.4 58.1 73.4 66.5 16.9 15.3 50.2 37.0 58.7 44.5 29.2 14.9

MNRC + βqq 63.5 58.6 73.2 68.8 18.3 18.3 51.1 37.3 60.6 47.1 34.8 16.4

SDCIB 70.8 62.8 81.8 71.0 34.3 31.7 60.1 43.7 52.3 36.7 59.1 41.5

SDCIB + βqq 72.7 63.3 88.7 80.7 36.3 35.5 62.2 45.6 68.1 45.5 59.3 40.9

MSDIB 66.1 56.5 71.1 63.9 22.7 18.9 30.6 12.4 47.4 32.1 58.4 37.5

MSDIB + βqq 70.0 62.3 77.2 70.8 20.2 19.1 31.0 14.2 52.5 37.7 58.7 40.8

βqq IB 72.7 63.3 88.7 80.7 36.3 35.5 62.2 45.6 68.1 45.5 59.3 40.9

Table 4: Ablation study on the multimodal datasets. All IB-based methods exhibit consistent gains in ACC and NMI when equipped with the
proposed βqq self-balance mechanism.

IB-based MMC methods. Our proposed βqq IB is β-free,
as the trade-off operator is automatically learned by the pro-
posed self-balance mechanism.

4.3 Settings of Experiments
All experiments were conducted using the PyTorch frame-
work on a server equipped with an Intel(R) Xeon(R) Gold
6430 CPU and four NVIDIA RTX 4090 GPUs, each with 24
GB of memory, running Ubuntu 22.04. We follow the data
encoding strategy adopted in prior work [Lou et al., 2025b].
A grid search strategy was employed to identify the opti-

mal learning rate from {10−2, 10−3, 10−4}, the optimal batch
size from {100, 200}, and the optimal dropout rate from {0.1,
0.2, 0.3, 0.4, 0.5}. The β value for each set of experiments
was automatically calculated via Eq. (2).

For a more thorough analysis, we use two popular metrics –
Cluster Accuracy (ACC) and Normalized Mutual Information
(NMI) to evaluate the clustering performance. And a higher
value indicates better model performance. For all methods,
we perform 20 runs on each dataset with 100 epochs per run,
and select the best metrics from the 20 runs.
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Figure 3: Parameter sensitivity analysis of the proposed βqq IB on Caltech 4V and ESP-Game datasets.

4.4 Analysis on MMC Results

In this part, we conduct a series of comprehensive experi-
ments to compare our βqq IB method with various state-of-
the-art MMC methods. Tab. 3 reports the comparison of clus-
tering performance on six benchmark datasets.

The βqq IB method achieves competitive clustering re-
sults compared to Non-IB-based methods, highlighting the
advantages of information compression-preservation mech-
anism in IB theory. It enables the proposed method to
learn compact multimodal representation by compressing
task-irrelevant features. For example, the proposed method
outperforms the best SMVSC method on the ESP dataset,
achieving scores of 12.1% and 6.5% on the ACC and NMI
metrics, respectively. In addition, βqq IB method consis-
tently outperforms the clustering results of IB-based methods
across all multimodal datasets. For instance, our method out-
performs the best PDMC-RCL baseline by 4.8% in NMI on
the Caltech 4V dataset. This clearly suggests that the self-
balance mechanism guides the proposed method to achieve
an optimal trade-off in identifying clustering patterns. The
relatively modest performance of the βqq IB method on the
Caltech 3V dataset may be attributed to the fact that its three
modalities mainly emphasize local features, resulting in lim-
ited modal complementarity. Furthermore, the satisfactory
clustering results on the large-scale ESP-Game and MIR-
Flickr datasets demonstrate the robustness of the proposed
method. Building on the rate distortion principle of IB theory,
the βqq-IB algorithm adaptively balances information com-
pression and preservation in a β-free manner. This improves
the practicality of the βqq-IB algorithm in real-world applica-
tion scenarios.

4.5 Ablation Study

To verify the effectiveness of the self-balance mechanism,
we conducted ablation experiments on all IB-based methods.
The experimental results in Tab. 4 show that incorporating the
automatically learned trade-off operator β (referred to as βqq)
consistently improves performance of IB-based methods. For
instance, with our self-balance mechanism, the DIB method
improves ACC on the Event dataset by 8.1%. This is because
the proposed self-balance mechanism automatically learns β
by jointly accounting for information quality balance and in-
formation quantity balance, leading to compact multimodal
representation and improved clustering results. It is worth
noting that our model incorporates the self-balance mecha-
nism into the SDCIB framework, making the results of βqq

IB consistent with those of SDCIB+βqq .

4.6 Parameter Sensitivity Analysis

To further analyze the stability and robustness of the proposed
βqq IB method, we conduct a parameter sensitivity analy-
sis on the Caltech 4V and ESP-Game datasets, as shown in
Fig. 3. Given the variance in datasets and hyperparameters,
the self-balance mechanism adjusts the β values to guide the
proposed method toward optimal representations. Notably,
self-balance mechanism is fundamentally different from pa-
rameter transfer. It eliminates the for manual tuning of the
β parameter, which provides valuable insights into the gen-
eralization of IB methods. Furthermore, it is an adaptive ap-
proach that collaborate with hyperparameters to mine cluster-
ing patterns from the perspectives of information-quality and
information-quantity balance.
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Figure 4: The t-SNE visualization comparing the clustering performance on the ESP-Game dataset. The top and bottom images respectively
show results of SDCIB and βqq IB.

4.7 Visualization Analysis
We select the ESP-Game dataset for clustering visualization
using the popular t-SNE method to further illustrate the clus-
tering results of the βqq IB method. Fig. 4 shows the clus-
tering results of SDCIB (the latest IB-based MMC) and the
proposed method. Our βqq IB method results in a more com-
pact cluster structure and clearer separation across different
clusters compared to the SDCIB method. This observation
further reflects that our βqq IB method achieves satisfactory
clustering results, due to the novel and effective self-balance
mechanism that empowers the self-balance of deep IB from a
more objective and fine-grained perspective.

5 Conclusion
In this work, we propose a novel βqq IB method to address
the long-standing challenge of manually setting the trade-off
parameter β in IB-based MMC methods. We introduce a self-
balance mechanism by taking into accounting with both infor-
mation quality balance and information quantity balance. The
information quality balance models the relation between task
characteristics and data sample scale, ensuring that cluster-
relevant features are not overshadowed by data sample infor-
mation. Meanwhile, the information quantity balance models
the dynamic changes in sample scale within the deep varia-
tional architecture, enhancing the robustness of the proposed
method. Experiments on six multimodal datasets as well as
large-scale datasets demonstrate the effectiveness of the pro-
posed method. However, several challenges remain when ex-
tending the proposed method to real-world multimodal appli-
cations. For example, incomplete modality information may
weaken the fused representation, thereby adversely affecting
clustering performance. Moreover, the deep variational ar-
chitecture underlying the proposed method imposes certain
computational demands, which are necessary for stable opti-
mization and effective representation learning.

In the future, we focus on the propagation-balance version
of the IB-based MMC methods [Hu et al., 2024], and ex-
tend to multimodal information extraction [Liu et al., 2026]
and multimodal large language model [Sapkota and Karkee,
2026].
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