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Deep Information-Balanced Multimodal Learning
Yang Qin, Yanglin Feng, Yuan Sun, Dezhong Peng, Xi Peng, and Peng Hu

Abstract—Multimodal learning aims to integrate diverse data sources to capture more comprehensive information about things, thus
enhancing perception and understanding of the real world. However, inherent discrepancies between different modalities often lead
to imbalanced optimization during multimodal learning, hindering performance improvement. To address this issue, in this paper, we
present a Multimodal Information Balance (MIB) theory, grounded in Information Theory, to reveal that this imbalance arises from
the imbalanced retention of complementary information during modality fusion, providing an intuitive and explainable perspective on
the issue. Building on this insight, we propose a theoretical MIB criterion to adaptively balance the preservation of complementary
information across individual modalities, thereby facilitating multimodal fusion. Using this criterion, we develop an Information-Balanced
Multimodal Learning (IBML) framework to mine comprehensive and balanced multimodal information, achieving optimal learning. More
specifically, IBML introduces Balance Information Optimization (BIO) module to maximize tractable lower bound objectives derived from
the MIB criterion according to the optimization discrepancies across modalities, ensuring balanced retention of complementary infor-
mation and enhancing information contributions during multimodal fusion. In addition, we present a supplementary and provable Task
Complexity Modulation (TCM) module based on the MIB criterion to adjust task complexity discrepancies across input modalities, thus
indirectly promoting the balanced preservation of complementary information throughout the learning process. Extensive experiments
are conducted on eight multimodal datasets, spanning audio-visual recognition, image-text classification, and 2D-3D recognition, to
verify the superiority and effectiveness of IBML. The code will be released publicly after in-peer review.

Index Terms—Multimodal learning, Multimodal balanced optimization, Multimodal fusion.

✦

1 INTRODUCTION

Multimodal learning [1], [2], [3] has raised significant at-
tention within the artificial intelligence community due to
its potential to integrate complementary information across
various modalities. As a substantial learning paradigm for
human-like artificial intelligence, multimodal learning em-
powers machines to see, hear, and interact with the real
world by jointly leveraging multiple sensory modalities,
and has demonstrated excellent capabilities and promising
progress in various domains [2], [4], [5], [6], [7]. However,
due to inherent cross-modal and cross-model discrepancies,
balancing the optimization of different modalities to ex-
tract complementary information from multiple modalities
remains a significant challenge in realistic scenarios. To
conquer this challenge, especially some recent studies [2],
[8], [9] have revealed the issue of Imbalanced Multimodal
Learning (IML) in multimodal joint learning, where certain
modalities optimize faster than others, leading to a subop-
timal performance. A widely accepted view for this stale-
mate is that deep models tend to prioritize learning from
simpler (strong) modalities, causing them to dominate the
optimization process while underutilizing more complex
(lazy) modalities [2], [10], [11].

To tackle IML, various approaches have been proposed
to coordinate the joint learning of different modalities [2],
[11], [13], [14]. Existing methods [2], [8], [12] primarily
focus on diminishing the dominance of strong modalities
to balance optimization by heuristically adjusting the op-
timization pace of each modality. In contrast, some recent
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Fig. 1: The schematic illustration of maximizing the mutual
information between two modalities and label semantics
in Imbalanced Multimodal Learning (IML). Z is the fusion
variable for modalities X1 and X2, Y is the labels, H(X1)
and H(X2) are the entropy of the modal valuables. We
reveal IML as the imbalance between complementary in-
formation (P(X1) = I(X1;Z;Y) − I(X1,X2;Z;Y) and
P(X2) = I(X2;Z;Y) − I(X1,X2;Z;Y)). We expect to
maximize the complementary information impartially while
maximizing the shared information I(X1,X2;Z;Y) (the
ideal case). However, this is not well solved in existing
methods.

works [12], [15] aim to resolve modal optimization conflicts
by preserving the inherent learning direction of lazy modal-
ities while reducing the optimization intensity of strong
ones, thus alleviating the IML issues. Despite promising
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(a) Experiment: Concat.
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(b) Experiment: OGM-GE

0 20 40 60 80 100
Epoch

0.0

0.2

0.4

0.6

0.8

1.0

Ac
cu

ra
cy

0

1

2

3

4

5

6

Di
sc

re
pa

nc
y 

ra
tio

Uni-video
Uni-audio
Video
Audio
Fusion

(c) Experiment: MMPareto
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(d) Experiment: Ours
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Fig. 2: Methods analysis. (a) - (d) show the modal discrepancy ratio and recognition accuracy of the vanilla concatenation
fusion method (i.e., Concat.), OGM-GE [2], MMPareto [12], and our method on the CREMA-D dataset [7]. The red solid line
represents the discrepancy across modalities. The green, purple, and blue solid lines represent the video (i.e., lazy modality),
audio (i.e., strong modality), and fusion recognition accuracy in multimodal learning, respectively. The green and purple
dashed lines represent the best video and audio recognition accuracy in unimodal learning. (e) - (h) show the corresponding
schematic illustration of the mutual information maximization result of the methods. Blue and red represent the excavated
mutual information I(X1;Z;Y) and I(X2;Z;Y) between modalities X1,X2, feature Z and labels Y, and green represents
unexcavated one. We reveal reserved complementary information (P(X1) = I(X1;Z;Y)− I(X1;X2;Z;Y) and P(X2) =
I(X2;Z;Y)−I(X1;X2;Z;Y)) and the upper limit of complementary information (P̃(X1) = I(X1;Y)−I(X1;X2;Y) and
P̃(X2) = I(X2;Y)−I(X1;X2;Y)) of respective modalities for an intuitive understanding of each method’s characteristic.

advances, these approaches have not fully eradicated the
impact of IML. Specifically, as visualized in Figures 2(a)
to 2(c), the vanilla fusion method (i.e., concatenation fusion
without balance modulation) suffers from an extreme opti-
mization imbalance, limiting overall performance improve-
ment. While OGM-GE [2] (i.e., the representative approach
of the pace-adjustment-based methods) promotes optimiza-
tion balance, both strong and lazy modalities often under-
perform relative to their unimodal counterparts. Similarly,
although MMPareto [12] (a recent conflict-resolution-based
approach) may even surpass unimodal learning in strong
modalities, it tends to overlook the discriminative potential
of lazy modalities, thereby obtaining sub-optimal overall
performance.

Upon further investigation, we found that these meth-
ods essentially strive to maximize the mutual information
between fused features and label semantics [16]. However,
when confronted with IML, the heuristic balancing strate-
gies they adopt do not align well with the objective of
mutual information maximization, making it difficult to
achieve a truly balanced fusion across modalities. To ad-
dress these challenges, we present an analysis of IML from
the perspective of information theory [17], establishing a
theoretically complete framework for balanced multimodal
learning. To be specific, we reveal a Multimodal Informa-
tion Balance (MIB) theory, which characterizes IML as the
imbalanced retention of complementary information (i.e.,
P(X1) ≫ P(X2)) during the process of maximizing mutual
information between multimodal representations and label
semantics, as illustrated in Figure 1. This analysis further
explains why existing methods fall short of addressing

imbalanced learning, as visually observed in Figures 2(e)
to 2(g). Unfortunately, without any corrective measures,
vanilla fusion method is directly affected by imbalanced
optimization and struggles to preserve complementary in-
formation of the lazy modality (i.e., P(X1) ≫ P(X2)).
Moreover, due to the unpredictability of information dis-
tribution, pace-adjustment-based methods, relying on em-
pirical modulation, often fail to achieve sufficient mining
of complementary information (i.e., P(X1) < P̃(X1) and
P(X2) < P̃(X2), where P̃(X1) and P̃(X2) denote the up-
per limits of complementary information for the respective
modalities, as shown in Figure 2). Conflict-resolution-based
methods address conflicts at the intersection of strong-
and lazy-modality information, resulting in only facilitating
the comprehensive extraction of the shared information
between modalities (i.e., I(X1,X2;Z;Y)). Consequently,
although these methods could fully exploit the information
in the strong modality, they neglect the complementary
information of the lazy modality (i.e., P(X2) ≪ P̃(X2)),
potentially disregarding task-beneficial discriminative in-
formation. (For necessary definitions, please refer to Sec-
tion 3.2.)

To address this issue, we first develop an intuitive crite-
rion based on MIB theory that guides balanced multimodal
learning by adaptively balancing the preservation of com-
plementary information across distinct modalities, thereby
maximizing the mutual information between modalities
and label semantics impartially and comprehensively. To
implement this criterion, we propose a deep Information-
Balanced Multimodal Learning (IBML) framework, which
comprises two complementary modules: i) a Balance In-
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formation Optimization (BIO) module that enforces the
MIB criterion to facilitate the multimodal balance during
joint optimization, and ii) a Task Complexity Modulation
(TCM) module that enhances the balance of complementary
information preservation by modulating modality-specific
data complexity. Specifically, BIO directly derives a tractable
lower bound for the MIB criterion to construct the MIB
loss. Minimizing this loss enables BIO to adaptively balance
the optimization of complementary information preserva-
tion across different modalities during multimodal fusion,
thereby embracing the capability to exploit information
within various modalities impartially. Inspired by the ob-
served correlation between task complexity and comple-
mentary information preservation, our TCM dynamically
adjusts the multimodal data to reduce task complexity
discrepancies between strong and lazy modalities. By nar-
rowing the discrepancies, TCM could indirectly enforce bal-
anced preservation in line with the MIB criterion, ensuring
comprehensive balance throughout the learning process.
By integrating BIO and TCM, our IBML could effectively
implement the MIB criterion at both optimization and data,
achieving more comprehensive and balanced multimodal
learning, as shown in Figures 2(d) and 2(h).

Our main contributions can be summarized as follows:
• We derive an information theory into Imbalanced Mul-

timodal Learning (IML) understanding and propose a
Multimodal Information Balance (MIB) criterion. Build-
ing on this, we present an Information-Balanced Mul-
timodal Learning (IBML) framework that adaptively
facilitates balanced multimodal learning.

• To directly enforce the MIB criterion for balanced com-
plementary information retention, we propose a novel
Balance Information Optimization (BIO) module that
derives an optimizable lower bound for the MIB crite-
rion, thereby ensuring balanced multimodal informa-
tion fusion at the optimization side.

• To further promote balanced preservation of comple-
mentary information, a Task Complexity Modulation
(TCM) module is presented to dynamically mitigate
the modality-specific task complexity discrepancies at
the data side, indirectly promoting the balance in ac-
cordance with the MIB criterion.

• Extensive experiments across three common multi-
modal task settings on eight datasets demonstrate
the effectiveness of our proposed method, with IBML
remarkably outperforming state-of-the-art approaches
without bells and whistles.

2 RELATED WORK

2.1 Imbalanced Multimodal Learning
Multimodal learning has attracted increasing attention from
both academia and industry due to its ability to process
multi-sensory data in real-world tasks, such as audio-visual
recognition [18], [19] and image-text understanding [20],
[21]. However, several recent studies [22], [23] have ob-
served that joint multimodal training with exponentially
more data does not always yield the expected performance
gains over unimodal approaches, attributing this to imbal-
anced optimization across modalities, termed Imbalanced
Multimodal Learning (IML). For instance, Wang et al. [10]

demonstrate that models tend to favor a strong modality
that dominates the optimization process, thereby neglect-
ing the contributions of other modalities. Complementary
analyses by Wu et al. [11], Huang et al. [24], and Ni et al. [25]
further dissect IML from the perspectives of modal competi-
tion, greedy optimization, and model inherent properties. To
mitigate IML, recent approaches can be broadly categorized
into two groups: i) Pace-adjustment-based methods [2],
[10], [26], [27], [28], [29] empirically analyze and adjust data
augmentation, learning paces, optimization gradient, and
loss functions to rebalance the optimization across modal-
ities; In contrast, ii) conflict-resolution-based methods [12],
[15], [30], [31], [32] focus on decoupling the dependencies
across modalities and alleviating the inherent conflicts in op-
timization directions for the effective exploitation of modal
information during joint multimodal learning. Despite their
improvements, these solutions are predominantly heuristic
and often fall short when addressing complex real-world
tasks.

In this paper, we extend the investigation of IML by
leveraging information theory to analyze the retention of
modality-specific complementary information during mu-
tual information maximization between multimodal fea-
tures and label semantics. Different from prior works [11],
[24], [31], [32] that focus solely on optimization dynamics,
our approach not only attempts to analyze IML from a novel
perspective of information theory but also establishes a cri-
terion for achieving comprehensively balanced multimodal
learning. This criterion informs our learning objectives and
modulation schemes, offering a more intuitive and general
approach compared to existing empirical modulation meth-
ods.

2.2 Information Theory in Multimodal Learning
Information theory [17] has found extensive application in
multimodal learning for its ability to quantify the impor-
tance and differences of abstract information across differ-
ent modalities. More specifically, concepts like entropy and
information gain in information theory provide methods to
model the quality of various feature distributions, providing
firm foundations for multimodal feature selection and rep-
resentation [33], [34], [35]. In addition, measures like joint
entropy, Rényi relative entropy [36], and mutual information
in information theory can be used to assess the dispar-
ities between two distributions. It drives them to serve
as criteria to guide alignment across different modalities,
achieving discriminative multi-view/modal clustering [37],
[38], cross-modal learning [39], [40]. Moreover, the informa-
tion bottleneck theory is applied in multimodal learning
to suppress task-irrelevant or semantically redundant in-
formation in each modality, thereby obtaining more robust
and consistent feature representations [41], [42]. Especially,
maximizing the mutual information [43], or even the ternary
mutual information [44], [45], across modalities is widely
used as the objective for seeking optimal joint learning
across modalities [46], [47] and agents [48] in general multi-
modal learning. However, achieving such ideal objectives is
challenging due to the presence of imbalanced optimization
during multimodal joint learning.

To tackle this challenge, this paper tries to explain
imbalanced optimization from the perspective of imbal-
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anced complementary information retention of respective
modalities during mutual information maximization be-
tween multimodal features and label semantics. Based on
this, we derive a novel information-balanced framework
to endow each modality with an ideal information contri-
bution, achieving balanced and comprehensive multimodal
learning.

3 METHOD

To facilitate clear exposition, we first introduce the notations
and formal definitions for imbalanced multimodal learning
in Section 3.1. Next, drawing on information theory [17], we
propose a Multimodal Information Balance (MIB) theory to
interpret the imbalanced optimization problem and estab-
lish the corresponding MIB criterion in Section 3.2. Finally,
in Section 3.3, we detail the proposed Information-Balanced
Multimodal Learning (IBML) framework, which is designed
to overcome the challenges of imbalanced optimization in
multimodal joint learning.

3.1 Preliminaries and Problem Statement
For clarity, we begin by formally defining the imbalanced
optimization problem in multimodal fusion to study the
solution conveniently. Without loss of generality, consider
a classification task with M(M ≥ 2) modalities. Let the
multimodal dataset with C classes be denoted as D =
{({xm

i }Mm=1, yi)}Ni=1, where N is the number of labeled
instances and yi ∈ Y = {1, 2, · · · , C}. To perform mul-
timodal recognition, we commonly employ M modality-
specific encoders, i.e., {φm(Θm, ·)}Mm=1, to obtain latent
representations, where Θm represents the parameter set for
the m-th encoder. Here, the encoding operation is defined
as φm(xm) : Xm 7→ R1×dm , where Xm is the input space
for the m-th modality, and dm denotes its feature dimen-
sionality. For simplicity, using vanilla concatenation fusion,
the linear classifier applied to the fused representation is
given by g({xm}Mm=1) = [φ1(x

1
i ); · · · ;φM (xM

i )]W + b,
where g(·) ∈ R1×C produces the logits, W ∈ R(

∑M
m=1 dm)×C

denotes the classifier parameters, and b is the bias term.
The logit corresponding to the c-th class is denoted as g(·)c.
Notably, the unimodal contributions can be decoupled as:

g({xm
i }Mm=1) =

M∑
m=1

gm(xm
i ) =

M∑
m=1

φm(xm
i )Wm +

b

M
,

(1)
where Wm ∈ Rdm×C . The model is typically optimized
using gradient descent on the cross-entropy (CE) loss: LCE =
− 1

N

∑N
i=1 log σ(g({xm

i }Mm=1))yi
, with σ(·) representing the

softmax function. For i-th instance {xm
i }Mm=1, the gradient

with respect to the true label yi is

∂LCE

∂gm(xm
i )yi

=
∂LCE

∂g({xm
i }Mm=1)yi

· ∂g({x
m
i }Mm=1)yi

∂gm(xm
i )yi

=
∂LCE

∂g({xm
i }Mm=1)yi

= σ(g({xm
i }Mm=1))yi

− 1.

(2)

As evident from Equation (2), when the fusion logits become
over-confident and one modality contributes much more
than another one on gradients, the optimization (gradients)
of the lazy modality is suppressed since lagging behind

in optimization, resulting in suboptimal performance. This
phenomenon, termed imbalanced optimization problem [2],
[8], often arises due to the inherent differences in modali-
ties, wherein strong modalities dominate the optimization
process while weaker (lazy) modalities receive insufficient
updates. This issue is formally defined as follows:

Definition 1. Imbalanced Multimodal Learning (IML):
Modalities yielding over-confident predictions dominate the op-
timization process while others are under-optimized. That is, for
some k ̸= j, gk(xk

i )yi
≫ gj(xj

i )yi
, k ̸= j during training.

Recent works [2], [8], [14], [49] have analyzed IML from
an optimization perspective, suggesting that insufficient
gradients for lazy modalities lead to suboptimal learning
when a strong modality dominates. Thus, we aim to per-
form balanced multimodal learning to fully exploit infor-
mation on multiple modalities, thus fully boosting learning
tasks. While prior works [2] have attempted to alleviate IML
from an optimization perspective using heuristic and empir-
ical solutions, we find that these methods do not strike the
ideal balance in the analysis of information theory, as shown
in Figures 2 and 6. In contrast, our work systematically
analyzes and tackles IML by leveraging the information
theory [17] to achieve balanced multimodal learning. Based
on this, we propose an information-balanced multimodal
learning framework to restore balance among modalities,
ensuring comprehensive and effective fusion.

3.2 Multimodal Information Balance

Different from existing gradient modulation methods [2],
we start with information theory. As a foundational frame-
work for data processing, information theory [17] has been
widely used in deep learning with success, which is cen-
tered on the concept of entropy. For a discrete random vari-
able x, the entropy is defined as H(x) = −

∑
x p(x) log p(x),

where p(x) is the probability distribution of x. Generally
speaking, the Mutual Information (MI) between two discrete
random variables (x, y) is I(x; y) = H(x) −H(x|y), where
H(x|y) =

∑
x,y p(x, y) log p(x|y) is the conditional entropy,

and p(x, y) is the joint distribution. Now, consider two
modalities, denoted by X1 and X2, with the fusion variable
represented as Z. Let PX1Y denote the joint distribution
over X1 × Y , with (X1,Y) ∼ PX1Y being a pair of random
variables. Note that other joint distributions can be defined
similarly. In multimodal joint fusion, our objective is to
fully exploit the data to maximize the mutual information
I(Z;Y) between the fusion variable and the labels. How-
ever, solely maximizing I(Z;Y) does not guarantee the fair
or balanced treatment between different modalities and may
lead to one modality dominating the optimization process,
thereby resulting in suboptimal results, as illustrated in
Figures 1 and 2.

To achieve balanced multimodal learning, we propose a
Multimodal Information Balance (MIB) criterion based on
the above defect and information theory, which could guide
us to design algorithms for multimodal fusion, thus getting
out of the quagmire of IML. More specifically, multimodal
learning aims to maximize mutual information between
each modality and ground truths while ensuring the balance
in complementary information retention. However, this can
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be tricky in IML due to the discrepancy between different
modalities. We further observe from Figure 1 that the IML
phenomenon is reflected in the complementary informa-
tion (P(X1) and P(X2)) retained by modality fusion, i.e.,
P(X1) = I(X1;Z;Y) − I(X1;X2;Z;Y) and P(X2) =
I(X2;Z;Y)− I(X1;X2;Z;Y), where I(X1;X2;Z;Y) rep-
resents the shared information. Natural motivation is to
maintain a balance between private attributes to achieve
the multimodal learning goal while maximizing shared
information.

To monitor the multimodal balance, we introduce an in-
dicator ρ1,2 indicating the discrepancy ratio across different
modalities. Intuitively, if ρ1,2 > 1, the optimization of the
first modality is more dominant than that of the second
modality, and vice versa. Using this indicator, we present
the MIB criterion to adaptively and impartially increase
the complementary information of respective modalities.
Mathematically, the criterion can thus be formulated as:

Jmib = max
Θ1,Θ2,W

(1−
2∑

m=1

Im) · I(Z;Y)

+ I1 · P(X1) + I2 · P(X2) + I(X1;X2;Z;Y),

(3)

where I1 (or I2) equals 1 if ρ1,2 < 1 (or ρ1,2 > 1), and 0
otherwise. The first term in Equation (3) targets the ideal
balanced optimization, while the remaining terms aim to
maintain a balance in complementary information and max-
imize shared information when an imbalance occurs. Fur-
thermore, since P(Xm) = I(Xm;Z;Y) − I(X1;X2;Z;Y),
we can merge the components in Equation (3) as:

max
Θ1,Θ2,W

(1−
2∑

m=1

Im) · I(Z;Y) +
2∑

m=1

Im · I(Xm;Z;Y).

(4)
For M modalities, we can similarly establish the criterion of
MIB. Unlike the case involving two modalities, the discrep-
ancy ratio involving multiple modalities is no longer a com-
parative indicator, but a comprehensive indicator. We will
discuss its definition in Section 3.3. Like Equation (4), we
define a generic criterion of MIB for balanced multimodal
learning as follows:

Jmib = max
{Θm}M

m=1,W

M∑
m=1

Im · I(Xm;Z;Y)

+ max(1−
M∑

m=1

Im, 0) · I(Z;Y),

(5)

where Im is 1 if the complementary information of the m-
th modality is under-optimized, and 0 otherwise. Note that
Equation (4) is a special case of Equation (5) for M = 2.

3.3 Information-Balanced Multimodal Learning
Based on the above analyses and definitions, we propose
an Information-Balanced Multimodal Learning framework
(IBML) for achieving balanced multimodal learning, as illus-
trated in Algorithm 1. IBML consists of two core modules,
Balance Information Optimization (BIO) and Task Com-
plexity Modulation (TCM). The BIO is designed to directly
enforce the MIB criterion to facilitate balanced optimization,
while TCM modulates raw input data to adjust modality-

specific task complexities, thereby avoiding the need for
post-hoc gradient modulation and enhancing scalability. We
now detail these components.

Algorithm 1 The training process of IBML

Input: The training data D = {({xm
i }Mm=1, yi)}Ni=1, the

modality-specific encoders {φm}Mm=1, the classifier g,
the maximal epoch Ne;

1: Initialize the encoders and classifier;
2: for e = 1, 2, · · · , Ne do
3: for each mini-batch D′ ⊆ D do
4: if Conduct modulation then
4: Calculate optimization strengths {ρ̃m}Mm=1 based

on the recorded predictions;
4: // Task Complexity Modulation
4: Inject noise into input data by Equation (16);
4: // Balance Information Optimization
4: Calculate Lmib by Equation (12);
5: else
5: Calculate LCE for fusion logits;
6: end if
7: Record all decoupled and fusion predictions;
8: Update all learnable parameters by SGD;
9: end for

10: end for
Output: The optimized parameters.

3.3.1 Balance Information Optimization
In multimodal models, the over-dominance of a strong
modality could lead to the under-optimization of a weaker
(lazy) modality, thereby limiting overall performance. To
overcome this issue, we enforce the MIB criterion in Equa-
tion (5) via Balance Information Optimization (BIO), boost-
ing balanced multimodal learning. The criterion is decom-
posed into two objectives:

max
{Θm}M

m=1,W
I(Xm;Z;Y) and max

{Θm}M
m=1,W

I(Z;Y). (6)

However, directly estimating and maximizing I(Xm;Z;Y)
is challenging due to interactions among three variables.
Instead, we derive tractable lower bounds, which is a widely
adopted strategy in mutual information optimization [16],
[50]. We first decompose I(Xm;Z;Y) as:

I(Xm;Z;Y) =I(Z;Y) + I(Xm;Y) +H(Xm,Z,Y)

−H(Xm)−H(Z) + I(Xm;Z)−H(Y)

=I(Z;Y) + I(Xm;Y)−H(Y)

+H(Xm,Z,Y)−H(Xm,Z).
(7)

Since H(Xm,Z,Y) − H(Xm,Z) ≥ 0, I(Xm;Z;Y) obvi-
ously has a strict lower bound of I(Z;Y) + I(Xm;Y) −
H(Y), where H(Y) is a constant and can be omitted during
optimization in practice. Thus, we can achieve the objective
in Equation (4) by maximizing its lower bound alternatively:

Jmib ≡ max
{Θm}M

m=1,W

M∑
m=1

Im ·
(
I(Z;Y) + I(Xm;Y)

)
+max(1−

M∑
m=1

Im, 0) · I(Z;Y).

(8)
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From this, the final objective is decomposed into maxi-
mizing I(Xm;Y) and I(Z;Y), simultaneously. To achieve
this, we can maximize their variational lower bounds. For
I(Xm;Y), it holds:

I(Xm;Y) = E(Xm,Y)

[
log

P (y|x)
P (y)

]
≥ E(Xm,Y)

[
log

Q(xm, y)

P (xm)P (y)

]
,

where P is the marginal distribution, Q is the variational
distribution, and E(Xm,Y) abbreviates the expectation taken
over samples drawn from the true joint data distribution,
i.e., E(Xm,Y)∼PXmY

, where PXmY represents the underlying
joint distribution of m-th modality inputs and their corre-
sponding labels. To optimize this lower bound, we apply
reparameterization [51] for Q(xm, y), i.e.,

Q(xm, y) =
P (xm)P (y)

Ey′∼PY
[exp (gm(xm)y′)]

exp (gm(xm)y) , (9)

where PY denotes the label distribution used when normal-
izing over all possible classes in the variational formula-
tion. If the training data is sufficiently large to adequately
reflect the data distribution, we could get approximation
of E(Xm,Y)

[
log Q(xm,y)

P (xm)P (y)

]
by conducting parameteriza-

tion [51] to obtain a optimizable lower bound, i.e.,

I(Xm;Y) ≥ E(Xm,Y) [log σ(g
m(xm))y] + E(Xm,Y) [logC] ,

(10)
where σ(·) is the softmax function and C is the number of
classes. Similarly, the optimizable lower bound of I(Z,Y)
can be:

I(Z;Y) ≥ E(Z,Y) [log σ(z)y] + E(Z,Y) [logC] , (11)

where z = g({xm}Mm=1) is the fusion logits of M modali-
ties and E(Z,Y)∼PZY

denotes the expectation over the joint
distribution of the fused representation Z and label Y,
analogous to the definition of PXmY for unimodal inputs.
The proofs of Equations (9) to (11) can be found in the
Appendix. Then, we put them together and obtain the MIB
loss, i.e.,

Lmib =− Î · E(Z,Y) [log σ(z)y]

−
M∑

m=1

Im ·
(
E(Z,Y) [log σ(z)y]

+ E(Xm,Y) [log σ(g
m(xm))y]

)
+Const,

(12)

where Î = max(1 −
∑M

m=1 Im, 0) and Const is a constant
term related to logC . For simplicity, the constant term can
be dropped since it does not produce gradients in practical
multimodal training.

To minimize Lmib, another important thing is to mon-
itor the optimization discrepancies of M modalities to
determine {Im}Mm=1 and then selectively optimize Lmib
for balance. Inspired by [2], given a mini-batch of D′ =
{({xm

k }Mm=1, yk)}Kk=1, we define {ρm}Mm=1 for all modalities
to indicate the optimization strength, where ρm is calculated
by:

ρm =
K∑

k=1

σ(gm(xm
k ))yk

. (13)
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Fig. 3: The distribution comparison on the I(Xm;Z;Y) of
samples before (i.e., w/o TCM) and after adopting the TCM
(i.e., Full) on the CREMA-D dataset. The green subfigures
represent the strong modality, and the blue ones represent
the lazy modality. Each subfigure is divided into two parts,
i.e., high I(Xm;Z;Y) and low I(Xm;Z;Y), and the black
and gray percentages represent the sample proportion of the
two parts, respectively.

By monitoring with {ρm}Mm=1, we can dynamically perceive
the contribution discrepancy across all modalities. Finally,
we set Im as 1 if ρm < 1

M

∑M
m=1 ρ

m, and 0 otherwise. After
all of the above, one can see that minimizing Equation (12)
is equivalent to achieving the objective of the criterion as
shown in Equation (5).

3.3.2 Task Complexity Modulation
Although the proposed BIO modulates the optimization
from the direct model prediction, we observe that BIO alone
cannot achieve the optimal balance for the MIB criterion.
Specifically, we estimate the core component I(Xm;Z;Y)
in the MIB criterion (i.e., Equation (5)) using the computable
lower bound. As shown in Figure 3(a), the proportion of the
samples with high I(Xm;Z;Y) remains limited for both
lazy and strong modalities, reaching only 51% and 54%,
respectively. To address this limitation, we propose Task
Complexity Modulation (TCM) to complement BIO based
on the information theory and achieve balanced modulation
across multimodal inputs.

Recent studies [52], [53] reveal that the complexity of a
given task T can be quantified by its entropy, which is equal
to the conditional entropy H(T |Xm) when conditioned on
data Xm. To be specific, now considering a common single-
label classification scenario, the “uncertainty” or “complexity”
of observed labels Y given the data Xm, reflecting the task
complexity conditioned on Xm, and can be formulated as:

H(T |Xm) = H(Y|Xm) = H(Y)− I(Xm;Y). (14)

When label semantic space is specified, a lower H(Y|Xm)
implies that Xm provides a stronger explanation for Y,
corresponding to higher mutual information I(Xm;Y), and
vice versa. Consequently, our natural motivation is that
balancing multimodal learning can be achieved by modulating
task complexity. To achieve this, we explore the relationship
between data Xm, task complexity H(T |Xm), and the mu-
tual information I(Xm;Z;Y), as presented in Lemma 1.

Lemma 1. Given a specific task T , the task complexity condi-
tioned on data Xm, i.e., H(T |Xm), and its corresponding mutual
information of I(Xm;Z;Y) with the fusion of M modalities
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{X1, · · · ,XM}, when injecting data perturbation to the data,
i.e., there is a Markov chain [54] Xm → X̃m → Y, the
complexity H(T |X̃m) increases and we have:

H(T |X̃m) ≥ H(T |Xm) ⇒ I(Xm;Z;Y) ≥ I(X̃m; Z̃;Y).

Lemma 2. Injecting independent gaussian noise with variance
σϵ > 0 into the training data can increase the complexity of T ,
i.e., H(T |X+ ϵ) ≥ H(T |X), where ϵ ∼ N (0, σϵ).

Proof. The proofs of Lemmas 1 and 2 are provided in the
Appendix.

Based on Lemma 1, one can see that directly modulating
the input data by forming a Markov chain can directly
increase task complexity, thereby reducing I(Xm;Z;Y),
which reflects the ultimate optimization goal of MIB cri-
terion in Section 3.2. To form the Markov chain, inspired
by studies on entropy change [52], [53], we introduce noise
into the data Xm to controllably increase the complexity
of the task T , as mentioned in Lemma 2. Finally, similar
to BIO, we selectively introduce data noise to increase task
complexity. More specifically, given a mini-batch of D′ =
{({xm

k }Mm=1, yk)}Kk=1, we modulate the task complexities for
all modalities based on the record optimization strengths
({ρ̃m}Mm=1), where ρ̃m =

∑K
k=1 σ(g̃

m(xm
k ))yk

and g̃m(xm
k )

is the logits of sample xm
k recorded at the previous training

epoch. The modulation process for all input samples is:

x̂m
k = xm

k + ϵm,∀xm
k ∈ D′, if ρ̃m >

1

M

M∑
m=1

ρ̃m, (15)

where ϵm ∼ N (0, var({xm
k }Kk=1)) is the independent gaus-

sian noise added to the m-th modal samples. In practice, al-
though increasing the complexity of the task through Equa-
tion (15) is conducive to balanced optimization, injecting
noise into all samples of a task modality can easily destroy
its original information pattern, resulting in suboptimal
performance. For this reason, we recommend injecting noise
in a random probability manner only to the samples that
the training logits predict correctly. This can prevent under-
optimized samples from being affected by noise while in-
creasing the task complexity of strong modalities, thereby
achieving a trade-off between task complexity and task
performance. For ∀xm

k ∈ D′ and yk = argmaxσ(gm(xm
k )),

the modulation process is re-described as:

x̂m
k = xm

k + ϵm, if ρ̃m >
1

M

M∑
m=1

ρ̃m and pmk < pm, (16)

where pmk ∈ [0, 1] is a random probability value and
pm = min( Mρ̃m∑M

m=1 ρ̃m , λ)/λ, which applies a certain proba-
bility of injecting noise to over-confident samples based on
the degree of optimization imbalance, increasing the overall
complexity of the strong modality. λ serves as a trade-off
noise scaling factor, controlling the sensitivity to imbalance
during the noise injection process.

4 EXPERIMENTS

In this section, we conduct comprehensive experiments on
eight widely-used multimodal datasets spanning three tasks

TABLE 1: Brief statistics of the used datasets. ‘AV’ means
the task of audio-visual recognition, ‘VL’ means the task of
image-text classification, and ‘23D’ means the task of 2D-3D
recognition.

Datasets Task Categories Training Validation Testing

CREMA-D AV 6 6,697 744 744
VAE AV 28 3,312 402 401
AVSBench AV 23 3,452 740 740
VGGSound50 AV 50 25,954 - 2,499

MVSA VL 3 1,555 519 518
FOOD101 VL 101 62,971 22,715 5,000

3D MNIST 23D 10 5,000 - 1,000
ModelNet40 23D 40 9,840 - 3,991

(i.e., audio-visual recognition, image-text classification, and
2D-3D recognition) to evaluate the effectiveness and superi-
ority of our proposed IBML.

4.1 Datasets
We evaluate our method on eight widely-used multimodal
datasets across three tasks, including audio-visual recogni-
tion, image-text classification, and 2D-3D recognition. Ta-
ble 1 provides brief statistics for these datasets, and further
details can be found in the Appendix.

4.2 Experiment Settings
To ensure fair comparisons, we employ unified modality-
specific backbones for all methods under the same task
throughout our experiments. Specifically:

• Audio-Visual Recognition: Following [2], for the video
modality, we randomly select three frames from each
video per iteration as visual inputs, which are then fed
into a ResNet18-based network for feature encoding
under this task. For the audio modality, we modify the
ResNet18 network by changing its input channel from
3 to 1, thus enabling it to process one-dimensional data.

• Image-Text Classification: In this task, a ResNet18-
based network encodes input images, while textual
data is processed using a Glove embedding layer [55]
followed by a Bi-GRU network.

• 2D-3D Recognition: For 2D image modality, a simple
CNN encodes the low-resolution images in 3D MNIST,
and we use a ResNet18-based multi-channel network
to encode multi-view images in ModelNet40, as in [56].
Additionally, we adopt the widely-used DGCNN [57]
to encode 3D point-cloud objects.

For a fair comparison, all models are trained from scratch
(except for the Glove embedding layer) using the SGD
optimizer with a momentum of 0.9 and a weight decay
of 1 × 10−4. λ is set to 10 for appropriate modulation of
task complexity in TCM. In the early stages of training, we
employ a warmup strategy with a larger learning rate for
our for IBML to facilitate rapid initial convergence. Notably,
unlike existing methods (e.g., OGM-GE [2], DGL [32], and
InfoReg [29]), our method does not require any additional
hyperparameter tuning and all experiments are performed
on a single GeForce RTX3090 24GB GPU.
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TABLE 2: Test accuracies (%) of eight baselines on four audio-visual recognition benchmark datasets. The results with the
form of ‘mean ± std’ are reported over three random runs and the best results are boldfaced.

Methods Test CREMA-D AVE AVSBench VGGSound50

Summation
Fusion 61.07± 1.30 66.33± 0.85 87.43± 0.90 53.73± 0.48
Audio 53.15± 2.61 53.73± 1.42 76.67± 0.80 40.55± 0.26
Video 22.18± 2.39 19.32± 1.73 25.36± 0.39 19.04± 0.82

Concatenation
Fusion 63.26± 0.91 66.42± 0.54 87.34± 0.45 53.82± 0.63
Audio 54.75± 0.39 53.48± 1.81 77.66± 1.62 40.78± 0.27
Video 24.51± 1.47 18.33± 0.59 22.89± 2.33 19.33± 0.35

OGM-GE [2] (CVPR’22)
Fusion 67.16± 1.23 65.67± 1.02 87.50± 0.67 55.96± 0.21
Audio 50.13± 0.87 50.66± 1.19 74.41± 2.02 38.64± 0.14
Video 29.93± 0.93 19.82± 1.73 26.37± 2.52 22.21± 0.18

PMR [8] (CVPR’23)
Fusion 65.16± 1.08 66.09± 0.47 89.23± 0.17 53.18± 0.74
Audio 53.27± 0.64 51.24± 2.24 76.98± 1.39 37.32± 0.96
Video 32.75± 0.83 12.03± 0.59 30.72± 2.82 19.91± 1.28

MMCosine [49] (ICASSP’23)
Fusion 63.73± 0.42 67.49± 0.47 89.19± 0.69 54.15± 0.33
Audio 55.29± 1.58 55.72± 0.20 81.89± 0.80 43.50± 0.49
Video 31.99± 2.50 20.98± 0.31 35.59± 3.89 25.65± 2.71

AGM [14] (ICCV’23)
Fusion 65.68± 0.73 68.32± 0.94 87.93± 0.88 53.94± 0.51
Audio 57.66± 0.48 54.23± 2.54 79.28± 0.90 42.99± 0.23
Video 26.84± 0.85 17.49± 1.75 24.68± 0.92 20.69± 0.64

MMPareto [12] (ICML’24)
Fusion 69.53± 1.20 69.73± 0.62 91.44± 0.93 59.06± 0.13
Audio 61.02± 1.43 61.36± 1.12 81.80± 0.95 45.02± 0.09
Video 46.64± 2.01 33.17± 1.12 54.05± 0.40 36.05± 0.69

MLA [15] (CVPR’24)
Fusion 74.42± 0.89 68.74± 0.47 84.59± 1.34 58.21± 0.77
Audio 59.14± 0.88 64.10± 0.47 75.81± 2.65 46.91± 0.46
Video 65.05± 0.29 32.18± 1.24 40.99± 0.17 35.16± 0.92

DGL [32] (ICCV’25)
Fusion 79.40± 1.59 68.82± 2.34 91.98± 0.33 57.40± 0.22
Audio 61.88± 2.26 63.60± 1.52 83.97± 1.64 48.39± 0.57
Video 72.96± 2.34 24.87± 1.33 63.54± 0.77 39.44± 0.47

ARL [31] (ICCV’25)
Fusion 78.87± 0.49 69.87± 0.44 91.94± 0.17 60.19± 0.79
Audio 60.24± 1.32 62.50± 1.61 83.29± 0.29 46.31± 0.45
Video 69.19± 1.49 37.50± 1.39 56.23± 1.12 38.91± 0.15

InfoReg [29] (CVPR’25)
Fusion 74.77± 0.77 69.89± 0.19 91.35± 0.51 59.46± 0.32
Audio 59.13± 2.72 63.25± 0.97 81.80± 0.51 46.42± 0.36
Video 61.00± 0.62 31.44± 0.93 52.88± 0.55 35.43± 0.72

Our method
Fusion 80.78± 0.77 70.15± 1.07 92.34± 0.39 60.54± 0.57
Audio 57.39± 0.48 59.95± 0.71 78.69± 1.12 43.74± 0.53
Video 71.06± 0.73 35.57± 0.93 59.64± 1.12 39.83± 0.21

4.3 Comparisons on Multimodal Tasks

To verify the effectiveness and superiority of our
IBML, we compare it with eleven baseline methods:
two vanilla fusion methods (i.e., Summation and Con-
catenation), four pace-adjustment-based methods (i.e.,
OGM-GE (CVPR’22) [2], PMR (CVPR’23) [8], MMCo-
sine (ICASSP’23) [49], AGM (ICCV’23) [14], InfoReg
(CVPR’25) [29]), and four conflict-resolution-based meth-
ods (i.e., MMPareto (ICML’24) [12], MLA (CVPR’24) [15],
DGL (ICCV’25) [32], ARL (ICCV’25) [31]). Table 2 reports
recognition accuracy for audio-visual recognition, while Ta-
ble 3 presents results for image-text classification and 2D-3D
recognition tasks. Additionally, Table 4 includes a compari-
son of the modal discrepancy ratio (i.e., ρi/ρj , i ̸= j) across
the three tasks, which reflects the degree of optimization
balance [2].

From our experimental results, we could draw the fol-
lowing observations and conclusions:

• Impact of Imbalanced Optimization: Imbalanced op-

timization remarkably degrades performance across
these three tasks. In extreme cases (e.g., CREMA-D and
MVSA), the lazy modalities perform nearly at chance
levels.

• Strong Modality Preservation: For strong modalities,
pace-adjustment-based methods (e.g., OGM-GE, PMR,
MMCosine, and InfoReg) often underperform com-
pared to vanilla fusion. In contrast, our IBML pre-
serves the unimodal performance of strong modalities,
demonstrating that their complexity modulation does
not hinder the optimization of dominant modalities.

• Lazy Modality Improvement: Our IBML achieves no-
table performance gains for the lazy modality. For
example, on the CREMA-D dataset, IBML boosts the
recognition performance of the lazy modality by up to
200% compared with MMPareto, illustrating its capa-
bility to fully exploit discriminative information from
lazy modalities and embrace balanced optimization.

• Overall Superiority: Across all tasks, our IBML outper-
forms existing multimodal balanced learning baselines,

This article has been accepted for publication in IEEE Transactions on Pattern Analysis and Machine Intelligence. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TPAMI.2026.3681770

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: SICHUAN UNIVERSITY. Downloaded on April 11,2026 at 06:33:30 UTC from IEEE Xplore.  Restrictions apply. 



JOURNAL OF LATEX CLASS FILES 9

TABLE 3: Test accuracies (%) of baselines on image-text classification (MVSA and FOOD101) and 2D-3D recognition (3D
MNIST and ModelNet40) benchmark datasets. The results in the form of ‘mean ± std’ are reported over three random runs
and the best results are boldfaced.

Methods Test MVSA FOOD101 3D MNIST ModelNet40

Summation
Fusion 72.19± 0.92 87.58± 0.04 96.80± 0.50 91.33± 0.25
Image/2D 28.45± 0.36 29.42± 0.16 32.00± 10.1 87.20± 0.26
Text/3D 65.64± 0.55 82.40± 0.09 96.70± 0.60 55.63± 1.81

Concatenation
Fusion 71.16± 0.55 87.50± 0.10 96.80± 0.30 91.32± 0.35
Image/2D 29.67± 2.16 30.11± 0.38 87.12± 0.41 87.12± 0.26
Text/3D 61.72± 0.55 87.50± 0.10 50.19± 1.47 50.19± 0.73

OGM-GE [2] (CVPR’22)
Fusion 70.84± 1.05 87.49± 0.07 97.30± 0.22 91.10± 0.36
Image/2D 29.61± 0.96 30.39± 0.24 62.53± 8.57 85.67± 0.91
Text/3D 60.18± 1.77 81.66± 0.13 96.67± 0.47 53.63± 1.99

PMR [8] (CVPR’23)
Fusion 74.62± 0.59 80.25± 0.59 96.97± 0.30 89.50± 0.92
Image/2D 51.97± 0.89 31.21± 1.97 77.47± 6.40 81.27± 2.11
Text/3D 75.25± 0.28 70.96± 0.16 93.27± 1.22 55.17± 4.33

MMCosine [49] (ICASSP’23)
Fusion 66.41± 0.51 88.73± 0.12 97.23± 0.12 91.17± 0.68
Image/2D 37.76± 2.32 43.59± 0.16 74.00± 7.73 88.80± 1.04
Text/3D 54.66± 1.00 82.89± 0.08 97.07± 0.06 76.50± 4.50

AGM [14] (ICCV’23)
Fusion 67.63± 0.51 87.18± 0.15 97.03± 0.21 90.86± 0.28
Image/2D 30.12± 1.54 30.30± 0.48 80.43± 4.05 80.39± 0.56
Text/3D 42.83± 1.03 79.57± 0.16 95.86± 0.15 78.25± 0.22

MMPareto [12] (ICML’24)
Fusion 72.04± 1.18 89.24± 0.12 98.23± 0.32 91.60± 0.24
Image/2D 50.05± 2.58 49.60± 0.04 97.07± 0.35 89.51± 0.49
Text/3D 74.63± 1.10 84.06± 0.05 96.87± 0.68 86.47± 0.54

MLA [15] (CVPR’24)
Fusion 61.87± 1.58 89.30± 0.43 98.16± 0.35 91.72± 1.25
Image/2D 51.57± 1.76 51.70± 2.36 97.50± 0.26 90.27± 0.92
Text/3D 68.80± 0.53 83.53± 0.06 96.37± 0.51 88.18± 0.49

DGL [32] (ICCV’25)
Fusion 69.62± 1.37 88.24± 0.01 97.10± 0.37 91.89± 0.40
Image/2D 50.80± 0.78 56.51± 0.22 94.37± 3.94 89.87± 0.30
Text/3D 51.32± 0.09 67.51± 0.76 96.57± 0.49 86.86± 0.58

ARL [31] (ICCV’25)
Fusion 70.26± 1.11 88.39± 0.20 97.99± 0.21 86.76± 0.15
Image/2D 51.25± 2.65 56.32± 0.10 97.26± 0.12 91.88± 0.46
Text/3D 51.32± 0.09 67.56± 0.84 97.46± 0.18 90.08± 0.25

InfoReg [29] (CVPR’25)
Fusion 74.05± 0.79 89.20± 0.15 97.93± 0.70 89.72± 1.11
Image/2D 50.67± 1.10 84.26± 0.03 97.67± 0.40 86.10± 1.46
Text/3D 74.57± 1.35 40.37± 0.24 94.43± 2.54 82.32± 1.07

Our method
Fusion 75.21± 0.64 90.67± 0.11 98.63± 0.06 92.52± 0.60
Image/2D 51.96± 0.73 55.73± 0.46 97.60± 0.36 88.32± 0.24
Text/3D 75.27± 0.24 84.02± 0.05 96.43± 1.16 87.77± 0.52

TABLE 4: Average discrepancy ratio during training on
three datasets across different tasks. The results with the
form of ‘mean ± std’ are reported over three random runs
and the best results (i.e., close to 1) are boldfaced. The
second-best results are underlined.

Methods CREMA-D MVSA 3D MNIST

Concatenation 4.33± 0.33 1.83± 0.34 8.44± 0.20
OGM-GE [2] 2.86± 0.09 1.43± 0.02 2.24± 0.17
PMR [8] 2.98± 0.12 0.93± 0.40 1.30± 0.02
MLA [9] 3.74± 1.47 0.62± 0.11 1.44± 0.13
InfoReg [29] 1.61± 0.02 1.25± 0.01 0.91± 0.01

Our method1 1.55± 0.00 1.24± 0.01 1.01± 0.00

validating its effectiveness in mitigating imbalanced
optimization and promoting multimodal learning.

1. The standard deviations on datasets CREMA-D and 3D MNIST are
0.002 and 0.00003, respectively. To preserve consistent and appropriate
significant figures, they are uniformly reported as 0.00.

In summary, these experimental results clearly demon-
strate that IBML exhibits strong stability and superior per-
formance in multimodal learning, attributed to the synergis-
tic efficacy of the proposed BIO and TCM. In the following
sections, we give an in-depth analysis to explore the behav-
ior and contribution of each proposed component in IBML.

4.4 Ablation Study

We conduct ablation studies on the CREMA-D dataset to
investigate the individual contributions of the BIO module,
TCM, and the warmup mechanism. In these experiments,
we selectively remove one or two components and compare
the modified variant against both the full IBML framework
and the vanilla concatenation baseline. As shown in Table 5,
we could draw the following observations: 1) Removing
any single component exacerbates the imbalance in mul-
timodal learning, resulting in a performance drop. 2) The
inclusion of the warmup mechanism substantially enhances
performance, indicating that rapid initial convergence is
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TABLE 5: Ablation experiments evaluated on the CREMA-D dataset.

No. BIO TCM Warmup Audio (↑) Video (↑) Fusion (↑) Discrepancy Ratio (↓)

#1 ✓ ✓ ✓ 57.39± 0.48 71.06± 0.73 80.78± 0.77 1.55± 0.00
#2 ✓ ✗ ✓ 59.36± 0.06 70.07± 0.83 80.11± 0.66 1.64± 0.02
#3 ✓ ✓ ✗ 56.18± 0.00 66.04± 0.82 77.51± 0.32 1.87± 0.13
#4 ✓ ✗ ✗ 56.50± 0.81 66.13± 1.16 75.81± 0.48 2.00± 0.04
#5 ✗ ✓ ✗ 55.78± 1.81 30.15± 2.71 66.26± 0.76 3.21± 0.09

#6 Vanilla Concatenation 54.75± 0.39 24.51± 1.47 63.26± 0.91 4.19± 0.29
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Fig. 4: The modal discrepancy ratio and recognition accuracy of the OGM-GE [2], PMR [8], corresponding constructed
baselines (i.e., BIO+OGM-GE and BIO+PMR), and our IBML (i.e., BIO+TCM) on the CREMA-D dataset [7]. (a) and (c) show
the overall performances (i.e., modal discrepancy ratio and fusion recognition accuracy) during the learning process. Solid
lines represent the recognition accuracy, and the dashed ones represent the discrepancy ratio across modalities. (b) and (d)
show the specific performances (i.e., recognition accuracy of the strong and lazy modalities). Dark colors represent strong
modalities, and corresponding light ones represent lazy modalities.
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Fig. 5: The modal discrepancy ratio and recognition accuracy of the vanilla concatenation fusion method (i.e., Concat),
OGM-GE [2], and our method in image-text classification (i.e., VT) and 2D-3D recognition (i.e., 23D) on MVSA [58] and
3D MNIST datasets [59]. The red line represents the discrepancy ratio across modalities. The green, purple, and blue solid
lines represent the recognition accuracy of the strong modalities, lazy modalities, and fusion in multimodal learning. The
green and purple dashed lines represent the best recognition accuracy of the respective modality in unimodal learning.

critical for the effectiveness of IBML. 3) Both BIO and TCM
independently contribute to more balanced optimization
and improved performance relative to the vanilla concatena-
tion baseline, confirming the effectiveness of the proposed
components.

4.5 Visualization Analysis
To provide further insights into the optimization balance
and performance of IBML, we conduct several visualization

experiments:
1) We construct baselines by replacing the standard cross-

entropy loss in OGM-GE [2] and PMR [8] with our MIB
loss Lmib. Figure 4 compares the modal discrepancy
ratios and recognition performance among the original
methods, the constructed baselines (i.e., BIO+OGM-GE
and BIO+PMR), and our full IBML (i.e., BIO+TCM) over
the training process on the CREMA-D dataset.

2) Figures 2 and 5 present comparisons of the vanilla
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Fig. 6: The distribution comparison on the I(Xm;Z;Y) of samples among different methods on CREMA-D. The green
subfigures represent the strong modality, and the blue ones represent the lazy modality. Each subfigure is divided into two
parts, i.e., high I(Xm;Z;Y) and low I(Xm;Z;Y), and the black and gray percentages represent the sample proportion of
the two parts, respectively. (a) and (b) are the distribution of the vanilla concatenation fusion method (i.e., Concat.) at the
beginning and end of training (i.e., the epoch 30 and 100), respectively. (c) and (d) are the distribution of OGM-GE [2] at
epoch 30 and 100. (e) - (h) are the distribution of the complementary information of samples of our IBML at epochs 10, 30,
50, and 100.

concatenation fusion method, OGM-GE [2], MM-
Pareto [12], and our IBML in terms of recognition
accuracy and modal discrepancy ratio on the CREMA-
D, MVSA, and 3D MNIST datasets, as illustrated in Fig-
ures 2 and 5. Notably, these datasets represent audio-
visual recognition, image-text classification, and 2D-3D
recognition tasks, respectively.

3) Figure 6 compares the vanilla concatenation method,
OGM-GE [2], and IBML regarding the distribution on
I(Xm;Z;Y) of samples (approximately computed via
the lower bound in Equation (11)) with different epochs
on CREMA-D, thereby evaluating the performance in
balanced complementary information retention of each
modality.

From these visualizations, one could draw the following
insights:

1) The constructed baselines achieve more balanced dis-
crepancy ratios and improved recognition performance
relative to the original methods in unimodal and joint
learning. However, our IBML further outperforms these
baselines, underscoring the plug-and-play capability
and effectiveness of the proposed BIO for multimodal
learning. Additionally, it also highlights that our TCM
has a more balanced and superior optimization modu-
lation effect compared with OGM-GE and PMR.

2) Existing methods fail to control the optimization im-
balance effectively across different tasks, leading to un-
satisfactory performance in lazy modalities and overall
fusion. In contrast, IBML achieves a more balanced
optimization between strong and lazy modalities.

3) Compared with the vanilla concatenation method, the
existing heuristic balancing method (i.e., OGM-GE) still
struggles to balance mutual information I(Xm;Z;Y)
between the strong and lazy modalities, which is the
core component of MIB criterion. In contrast, our IBML
can evenly and comprehensively excavate the mutual
information of different modalities during the training
process.

5 CONCLUSION

In this paper, we develop a Multimodal Information Balance
(MIB) theory to address the imbalanced optimization prob-
lem that is widely present in multimodal joint learning. MIB
reveals that its imbalance problem can be explained as the
imbalance of complementary information in the modality
fusion process. To this end, we define a criterion and con-
struct a novel information-balanced Multimodal Learning
(IBML) framework, which includes two novel modules (BIO
and TCM) to strive for the ideal information contribution
of each modality. Our method is simple, powerful, and
performs well on eight widely-used multimodal datasets
involving three tasks. Besides, the in-depth analysis and
visualization show that our method can effectively alleviate
the imbalance optimization.
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