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ABSTRACT

Multimodal learning aims to integrate information from heterogeneous data sources
to improve representation quality and downstream task performance. A key chal-
lenge lies in aligning modality-specific representations while suppressing modality-
dependent noise and redundancy. The Information Bottleneck (IB) principle pro-
vides a principled framework for learning task-relevant representations. Existing
multimodal IB methods primarily apply the IB principle to fused multimodal repre-
sentation and rely on restrictive distributional assumptions, such as Gaussian latent
priors induced by variational autoencoders, which may not hold in practice. In this
paper, we propose Information Bottleneck—based Multimodal Alignment (IBMA),
a novel multimodal learning framework that enforces the IB principle for both
the fused multimodal representation and modality-specific representations. IBMA
introduces modality-specific representation alignment that guides each modality-
specific encoder to learn informative and task-relevant representations aligned
with the complementary modality, thereby enhancing cross-modal semantic con-
sistency. Moreover, we derive a novel, efficient, and distribution-free variational
upper bound for the IB loss that avoids unrealistic assumptions on latent feature
distributions and is readily optimized using standard stochastic gradient descent.
Extensive experiments demonstrate that IBMA achieves superior performance
compared to existing multimodal learning methods, validating the effectiveness
of modality-specific representation alignment. The code for IBMA is available
athttps://github.com/Statistical-Deep—Learning/IBMA.

1 INTRODUCTION

Multimodal learning integrates heterogeneous data sources such as images and text to learn robust
representations for downstream tasks (Sleeman et al., 2023; Li et al.,|2024; |Yuan et al.| 2025). Most
existing approaches employ separate modality-specific encoders and fuse them via cross-modal
attention (Lu et al.| 2023} |Cai et al., 2023} Wu et al.| 2025) or graph neural networks (Zhang et al.|
2023; Liu et al., 2025). However, multimodal learning remains challenging due to modality-specific
noise, redundancy, and semantic misalignment (Mai et al., 2023a; |Wu et al., [2025). While alignment
methods such as contrastive learning (Guo et al., [2024} [ Zou et al., [2023; Boecking et al.| 2022
Zhang et al., |[2024; Xie et al.,2025) promote cross-modal consistency, they do not explicitly suppress
redundant or noisy information within individual modalities.

To explicitly control the trade-off between informativeness and redundancy in multimodal represen-
tations, the Information Bottleneck (IB) principle has been introduced as a theoretically grounded
framework for multimodal representation learning (Wu et al., 2025} Mai et al., |2023a). The IB
principle aims to learn features that are strongly correlated with class labels while reducing their
correlation with the inputs. Let X, Z, and Y denote the input features, learned multimodal features,
and ground-truth class labels, respectively. The IB principle is enforced by increasing the mutual
information between Z and Y while reducing that between Z and X, which corresponds to reducing
the IB loss I(Z, X) —I1(Z,Y"), where I(-,-) denotes mutual information. Motivated by this principle,
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several IB-based multimodal learning methods aim to learn discriminative representations by reducing
the IB loss or its variational bound (Wu et al., [2025; |[Mai et al., [2023al).

Limitation of Existing Methods. MIB (Mai et al.,[2023a)), MCIB (Wang et al.}|2025)), and OMIB (Wu
et al.}|2025) explicitly formulate multimodal information bottleneck objectives for fused represen-
tations and derive tractable variational upper bounds to explicitly reduce the IB loss. However,
both existing IB-based methods (Mai et al.,|2023a}; [Wang et al., 2025 [Wu et al.| 2025) rely on an
unrealistic distributional assumption by adopting a VAE-style surrogate, in which the conditional
distribution p(( | z) is enforced to match the marginal p({), which is further approximated by a fixed
Gaussian prior. Herein z denotes the learned task-relevant representation, and ( is a latent feature
introduced for multimodal representation learning, obtained by encoding z through a VAE encoder.
In addition, MIB (Mai et al., [2023a), MCIB (Wang et al.,|2025)), and OMIB (Wu et al., [2025)) apply
the IB principle solely to the fused multimodal representation, aiming to learn an informative joint
feature.

To address these limitations, we propose Information Bottleneck—based Multimodal Alignment
(IBMA), which enforces the IB principle to both the fused multimodal representation and the
individual modality-specific representations to learn informative and task-relevant representations
with guidance from the other modality. For each modality, IBMA introduces an information-theoretic
regularization term that reduces mutual information with the raw input while increasing mutual
information with the representation learned from the complementary modality. This design explicitly
encourages modality-specific encoders to focus on task-relevant and semantically aligned information,
thus enhancing modality-wise feature alignment and leading to improved performance. In addition,
we derive a novel, efficient, and distribution-free variational upper bound for the IB loss, termed IBB,
which avoids restrictive assumptions on latent feature distributions (Mai et al.| 2023a; Wu et al., 2025).
The resulting objective is separable across training samples and can be optimized efficiently using
standard SGD-based training procedures. We demonstrate the effectiveness of IBMA for multimodal
learning tasks, where multimodal data from different domains must be aligned under significant
appearance variation and noise.

As illustrated by the Grad-CAM visualization
of the image encoders for multimodal emotion
recognition in Figure[T} although the speech
scripts of both speakers show clear indica-
tions of the ground-truth emotion, the state-of-
the-art IB-based multimodal learning method,
OMIB (Wau et al., [2025)), fails to attend to the
most emotion-relevant regions in the images.
In particular, OMIB either misses critical fa-
cial cues, such as the angry face in the top fig-
ure and the smiling mouth in the bottom figure,
or mistakenly focuses on background regions,
such as the guitar and the arm of the other
person in the bottom figure, potentially hurt-
ing the performance of multimodal emotion
recognition. In contrast, our proposed IBMA

Emotion: Anger

IBMA

Emotion: Joy

OMIB

That’s great! IBMA

focuses on the important parts of the human
body with clear indications of the speaker’s
emotion, such as the angry face and gesture
of the person in the top figure and the smil-
ing mouth of the person in the bottom figure,
guided by the clear indication of the emotion
from the speech script of the speaker. This is
because the modality-specific representation
alignment proposed in IBMA, as explained
earlier, enables textual guidance for image
representations, which is absent in existing

Figure 1: Grad-CAM visualization of the image en-
coder from OMIB and IBMA for two instances from
the MELD (Poria et al.l 2019) dataset for multimodal
emotion recognition (anger in the top and joy in the
bottom). The speech scripts from the audio are at-
tached below the input images. The speech scripts
in both examples clearly convey emotional cues that
match the emotions expressed by the speakers. The
utterance “Oh God, get out!” reflects strong anger,
while “That’s great!” clearly expresses joy.

IB-based multimodal learning methods such as OMIB (Wu et al.,|[2025). Ablation study in Table|§]
further demonstrates the advantages of the modality-specific representation alignment. In addition,
Table [6] demonstrates the advantages of our efficient and distribution-free variational upper bound
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for the IB loss over existing upper bounds for the IB loss (Dai et al., 2018};|Guo et al., 2023} |/Cheng
et al. [2020). Please refer to Figure[3]in Section of the appendix for more visualization results on
CheXpert (Irvin et al., 2019) for multimodal disease classification.

Contributions. The contributions of this paper are presented as follows.

First, we introduce IBMA, a multimodal learning framework that enforces modality-specific repre-
sentation alignment through the Information Bottleneck principle, explicitly guiding each encoder to
learn informative and task-relevant representations with cross-modal supervision. In contrast with
existing works, which promote the IB principle solely on the fused representation, IBMA performs
modality-specific representation alignment by the modality-specific IB principle to learn informative
and task-relevant representations with guidance from the other modality, as well as the reduction of
the IB loss on the fused multimodal representation, thus enhancing modality-wise feature alignment
with improved performance.

Second, we present a novel and provable variational upper bound for the IB loss, termed IBB, which
can be optimized by standard SGD algorithms. The IB loss is then reduced by reducing its upper
bound, the IBB. Different from existing upper bounds for the IB loss, such as VIB (Dai et al., 2018},
Srivastava et al., 2021), which impose an unrealistic Gaussian assumption on the hidden features of
DNNs, and APIB (Guo et al., [2023)), which reduces only an approximation to the IB loss, IBMA
directly reduces a variational upper bound for the IB loss, IBB, without introducing any distributional
assumptions on the hidden features or approximation to the IB loss. Moreover, the proposed IBB is
computationally efficient with a computational complexity of ©(nTy + nC?), where C'is the number
of classes, n is the number of training samples, and T}y denotes the computational complexity of a
forward and backward pass of the neural network with respect to each training sample. In contrast, the
upper bound for the mutual information used to bound the IB loss in CLUB (Cheng et al., 2020), albeit
not requiring distributional assumptions on the hidden features of DNNs, requires a substantially
higher computational complexity of ©(n2Tp) since n > C? on multimodal learning datasets detailed
in Table[I] A composite loss, which combines the IBB and the regular cross-entropy loss, is used to
train DNNs for multimodal learning tasks. Table [5] demonstrates that the IB loss of DNNs trained
for multimodal learning can be reduced by optimizing such a composite loss. Table 6] demonstrates
that the models using IBB achieve substantially better performance than the models using CLUB,
VIB, and APIB. We remark that our variational upper bound, as an independent contribution, can be
applied to broader discriminative tasks beyond IB-based multimodal learning. Throughout this paper
we use [IV] to denote all the natural numbers between 1 and N.

2 RELATED WORKS

Related Works on Multimodal Learning. Early works perform multimodal alignment by leveraging
contrastive objectives or attention modules to enforce cross-modal consistency or similarity, thereby
projecting heterogeneous modalities into a shared representation space for joint learning (Guo et al.,
2024; Mai et al., [2023b; |Zou et al., [2023; Boecking et al., 2022} [Cai et al., [2023; [Zhang et al.,
2024; Xie et al.l 2025). However, these methods do not explicitly suppress redundant or noisy
information within individual modalities. To explicitly control the trade-off between informativeness
and redundancy in multimodal representation, the IB principle has been widely adopted in multimodal
learning to learn task-relevant information that is shared across different modalities, while effectively
suppressing modality-specific noise and redundant information (Mai et al., 2023a}; [Wang et al., 2025}
Fang et al., |2024; Wu et al., 2025). For instance, DMIB (Fang et al., 2024) proposes a dynamic
multimodal fusion framework inspired by the IB principle that preserves label-relevant information
via a KL-based sufficiency loss, but it does not explicitly minimize the IB objective, as it increases
mutual information with labels without suppressing modality-specific redundancy or noise. MIB (Mai
et al.| |2023a), MCIB (Wang et al., 2025)), and OMIB (Wu et al., [2025) formulate multimodal 1B
objectives and derive tractable variational upper bounds to directly reduce the IB loss. Nevertheless,
these methods rely on a restrictive VAE-style surrogate that enforces the conditional distribution
p(C | z) to match the marginal p(¢), which is further approximated by a fixed Gaussian prior, where z
denotes the task-relevant representation and ¢ is a latent variable introduced for multimodal learning.

Related Works on Information Bottleneck. The Information Bottleneck (IB) principle (Tishby
et al., [2000) provides a theoretical framework for representation learning by encouraging latent
variables to preserve task-relevant information while discarding redundant input details. Deep



To appear at the ICLR 2026 Workshop on Representational Alignment (Re-Align)

VIB (Alemi et al.,2017) is the first work to explicitly formulate the IB principle as a training objective
for deep neural networks. Motivated by IB, (Lai et al., 2021) introduces a spatial attention mechanism
to explicitly reduce the IB loss of attention-weighted features, while (Zhou et al.,|2022) shows that
self-attention can be interpreted as iterative optimization of the IB objective. Beyond architectural
insights, recent theoretical studies (Amjad & Geiger, |2020; [Kawaguchi et al., [2023) link IB loss
control to improved generalization. Moreover, recent works (Wang et al.||2021; Kuang et al., 2023)
also suggest that reducing IB loss enhances adversarial robustness.

3 METHODS

This section presents the proposed Information Bottleneck-Based Multimodal Alignment (IBMA)
framework. We first introduce the motivation and formulation of IBMA by defining modality-specific
and multimodal information bottleneck objectives, and derive a novel, distribution-free variational
upper bound for the IB loss that is efficient and amenable to SGD optimization in Section[3.1] We
then describe the overall IBMA architecture, including modality-specific encoders and a cross-modal
attention module, and detail the training procedure of IBMA in Section[3.2]

3.1 IBMA: INFORMATION BOTTLENECK-BASED MULTIMODAL ALIGNMENT

Motivation. To learn multimodal representations that are more correlated with the ground-truth label
and less correlated with the modality-specific inputs, existing multimodal learning methods based
on the IB principle (Mai et al., [2023a}; [Wu et al., |2025) propose to reduce the multimodal IB loss on
the multimodal representation, IB = I(Z, X(1)) + I(Z, X(?)) — I(Z,Y), where X ) denotes the
random variable representing the input feature in the j-th modality for j € {1, 2}. In the following
text, the domain superscript j takes value in {1,2}. Z denotes the random variable representing the
multimodal representation, which is obtained by fusing modality-specific representations ZU) of each
domain j € {1,2}. Y denotes the random variable representing the ground-truth training class label.
However, existing IB-based methods (Mai et al.| 2023a; Wang et al., [2025} [Wu et al., |2025) neglect
the complementary information encoded in representations learned from different modalities, which
could be exploited to learn modality-invariant semantic information while suppressing modality-
specific redundancy and noise. To address this issue, we propose a novel multimodal alignment
method, Information Bottleneck-Based Multimodal Alignment (IBMA).

IBMA aims to reduce the modality-specific IB loss on the modality-specific representations, IB @) =
I(ZzOD), X@) — 1(2@, zG")), in addition to reducing the multimodal IB loss. In the following
text, j° # j denotes the index of the modality other than j, e.g., ;' = (j mod 2) + 1. Reduction
of the modality-specific IB loss ensures that each learned modality-specific representation is more
semantically correlated with the modality-specific representation from the other domain and less
correlated with the input features. Existing IB-based multimodal learning methods (Mai et al.,
2023a; [Wu et al., [2025]), which do not explicitly reduce the modality-specific IB loss, may retain
modality-specific noise or redundant information that is not semantically aligned with the other
modality. By reducing the modality-specific IB loss, IBMA explicitly encourages learning task-
relevant and modality-invariant representations in each modality, while suppressing modality-specific
noise and redundancy. This is achieved by increasing the correlation among learned modality-
specific representations across domains while decreasing their correlation with the input features,
ultimately leading to more discriminative multimodal representations fused from more discriminative
modality-specific representations.

Given the multimodal training data { X i(l), X Z»(Q), Y;}? , from two different modalities, where X i(j )
stands for the i-th input feature from the j-th modality, and Y; is the ground-truth class label for
i € [n], we first specify how to compute the modality-specific IB loss based on the training data.
Let IBY) = 1(Z20), X)) — 1(2@), (") denote the modality-specific IB loss on the j-th domain,
which treats the representation from the other domain as a cross-modal supervision, guiding Z) to
retain only the most informative signal of the input from domain j semantically aligned with the
other domain j/. XU) takes values in {X)}7_,. Z0) takes values in {Z)}7_, with Z"?) being
the ¢-th learned representation by the modality-specific encoder on the j-th modality. Y takes values
in {Y;}"_,. We have the class centroids {F{}_, and {C{’ )}5:1 for the learned representations

{Zi(j )}?:1 and the input features {X i(j) »_, for the j-th domain. Each 7 is the average of the
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modality-specific representation in class a, and each Céj ) is the average of the input features in
class y, where C' is the number of classes. Then we define the probability that ZZ-(J ) belongs to
j |2
oo(| 207
=oon (02T
define the probability that X?) belongs to class y as Pr (XD ey] =157 ¢(X;”,y). Similarly,
we define the joint probabilities Pr [Z) € a, X € y] =15 qﬁ( Z9 ¢ a, X(J) € y) and
Pr [Z(j) €a, 20" Ey] = 1y z9 ¢ q Z( ) e y), where ¢(ZY € a, X9 € y)
and qb(Zi(j) € a,ZZ-(j') € y) are defined in and || in the appendix. As a re-
sult, we can compute the mutual informat1on I(Z@ X@) and I(Z@, 70D by

classaas Pr[Z0) € a] = L3570 | ¢(Z¢(j)» a) with ¢(Z(]) a) =

Pr [Z(j) €a, X0 ¢ y}
Pr[Z() € a] Pr[X0) € y]’

c C
(29, x9)=3"Y"pr {ZU) €a, XV e y} log

a=1y=1
c c Pr {Z@) ca,ZU) e y}
(@) 7y = () (4"
1(ZV),ZV)) = ;;H[Z c€a,”Z Ey}logP Z0) €l Pr [20) € y]

and then compute the IB loss IBY). Given a variational distribution Q) (2 € a|ZU") € y) for
y € [C] and a € [C], the following theorem gives a variational upper bound, IBBY), for the IB loss
IBY) on the j-th domain.

Theorem 3.1. Let Pr [X(j) € y] =>", Lyy,—yy/n = py for every y € [C]. Then the IB loss on
the j-th modality satisfies

IBY) < IBBY), (1)

where the variational upper bound is given by
. 1 & ) )
IBBUY) := — (U.(” - V(”) :

Here

c ¢
; i,a ; ) ; ; i’
Ui(]) g E ?;(i,a,y)log ( $:(i,,y) ) .(]) = E E b5 (i,a,9)1og QY (29 € a| 2V e y),

a=1y=1 ¢(Z(J> ) a=1y=1

where ,(ia,y) = 6(Z” € a. X" € y). d(i.a,y) = 6(Z7 € 0.2 € y). QU(ZV) €
alZU D oe y) is the variational conditional probability that Z(U) belongs to class a given ZU )
belongs to class y, which is computed efficiently by Algorithm [3|in the supplementary. The proof of
Theorem 3.1 follows by applying Lemma[A.T|and Lemma[A.2]in Section [A]of the supplementary.

We remark that IBBY) is ready to be optimized by standard SGD algorithms because it is separable
and expressed as the summation of losses on individual training points. Algorithm[I]describes the
training process of an IBMA model. The following functions are needed for minibatch-based training
with SGD, with the subscript b indicating the corresponding loss on the b-th batch By:

G _ 1 ( ) <j>>
IBBY) = — v _y@y .
b |Bb| lEZBb i i

In addition to reducing the modality-specific IB loss 1BY) by reducing IBB), IBMA also reduces
the multimodal IB loss on the multimodal representation Z fused from the modality-specific rep-

resentations. Let B = 1(Z, X)) 4 1(Z, X®) — I(Z,Y) be the multimodal IB loss on the
multimodal representation Z, where Y denotes the class label taking value in {Y;}!_; IBB(fus0)

denotes the variational upper bound for 1B ®) which is derived in a similar manner as in Theorem.
and to be detailed in Sectlonof the appendix. Here Z takes values in {Z;}}_, and Z; denotes the

fused multimodal representation for the :-th input. We compute class centroids {]-"a}a:1 on the fused
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multimodal representation, where each F, is the average of the fused multimodal representation in
class a. We also define the probability that Z; belongs to class a as Pr(Z € a] = 237" | ¢(Z;, a)

similar to the computation of Pr [Z ) ¢ a} . The training loss of IBMA on the b-th batch is then
computed by

Ly, = CE, + nIBB,, 2)

where IBB, = IBB}" + IBB}” + IBB{"*” and CE, = CE\" + CE{® + CE{™®. CEY) =
ﬁzie&,H (Z(J),}Q) is the cross-entropy loss on the b-th batch B, in the j-th domain.

CEZ()fuse) = |871b| >ien, H(Zi,Y;) is the cross-entropy loss on the b-th batch By, for the fused

multimodal representation. H(-,-) is the cross-entropy function. 7 is the balance factor for
IBB. The values of 7 on different datasets will be decided by performing cross-validation.

Efficient and Distribution-Free Variational
Upper Bound. Because our variational upper
bounds are distribution-free, we demonstrate
the computational efficiency of IBBY) over
the existing distribution-free upper bound for
the IB loss in CLUB (Cheng et al., [2020), and
a similar conclusion holds for IBB®®) et
Ty denote the computational complexity of
a forward and backward pass of the neural
network with respect to each training sample.
The overall computational complexity for cal-
culating the proposed modality-specific IBB
regularization term IBBY) is ©(nT, + nC?).
In contrast, computing the upper bound for
the mutual information required for calculat-
ing the upper bound for the IB loss proposed
in CLUB (Cheng et al., [2020) requires a sub-
stantially higher computational complexity at
least ©(n?Ty) since n > C? on multimodal
learning datasets detailed in Table [I} which
covers the benchmarks in the extensive litera-
ture (Wu et al.} 2025 [Mai et al., [2023a)) where
C < 7. We note that ©(n*Ty) corresponds

Modality 1 (e.g. Image)
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\
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1| Input Modality-Specific Mzdal‘ty_S?LF'ﬁL '
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| x® Encoder 20 .
! 1
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IB Loss Reduction

Cross-Modal
Attention
Modality 2 (e.g. Text)

______________________________

\
Modality-Specific | !

Modality-Specific ; “ ‘}_/ pectlic |
epresentation 1

Encoder 72 |

I

Modality-Specific

Multimodal }

Representation Alignment! RCpl‘cs%manon

———————————————————————————————————————————

'Multimodal 1B Loss Reduction  1B®*) = I(Z, X)) + (2, X®) - I(2,Y) !
: Modality-Specific Representation Alignment [B™®) 4 [B(®) :

i[B“) = I(Z20, XM) — [(zD), 7)) j
Figure 2: IBMA employs modality-specific encoders
to learn representations from each input modality,
such as image and text. A cross-modal attention
module integrates the modality-specific representa-
tions to form a fused multimodal representation. In
addition to reducing the multimodal IB loss on the
fused multimodal representation, IBMA enforces
modality-specific representation alignment by lever-
aging representations from other modalities as cross-

exclusively to the upper bound for the mutual ~Modal supervision.

information I(Z, X @) ), while CLUB additionally requires the computation of the lower bound for
the mutual information I(Z,Y"). Details on the complexity analysis of CLUB and our IBB are
presented in Section [D]of the supplementary. In contrast to existing IB upper bounds that rely on the
unrealistic Gaussian distributional assumption of hidden features (Dai et al.| 2018} Srivastava et al.,
2021)) or on the approximation to the IB loss (Guo et al.}|2023)), our bound for the IB loss, the IBB,
does not require any distributional assumptions on the hidden features or approximation to the IB loss.
Table[6]in Section .6 demonstrates that IBB achieves substantially better performance than CLUB
and other competing methods that rely on the unrealistic Gaussian distribution assumption of hidden
features (Dai et al., 2018) or on the approximation to the IB loss (Guo et al., 2023)), and requires
much less training time than the distribution-free baseline method, CLUB (Cheng et al., [2020).

3.2 IBMA ARCHITECTURE AND TRAINING PROCEDURE

The proposed IBMA framework comprises two main components, namely modality-specific en-
coders that generate modality-specific representations and a cross-modal attention module that fuses
modality-specific representations into a multimodal representation. An overview of the architecture
is illustrated in Figure 2]

Model Architecture of IBMA. Given the input X, fJ ) from the j-th domain for the ¢-th input, IBMA
employs a modality-specific encoder f( )() to extract modality-specific representation Zi(] ) =

fu )(Xi(j )). Each modality-specific encoder is implemented using a modality-specific backbone,



To appear at the ICLR 2026 Workshop on Representational Alignment (Re-Align)

such as ResNet (He et al.| 2016) for image data and BERT (Devlin et al., 2019) for text data. The

modality-specific representations ZZ.(l) and ZZ.(Q) for the i-th input are fused using a cross-modal
attention module widely used in the multimodal learning literature (Wu et al.| 2025; [Wang et al.,

2025), which produces a joint multimodal representation Z; = F(Zi(l), ZZ-(Q)), where F'(+,-) denotes
the cross-modal attention module. The fused representation Z; for the i-th input is used for the
downstream tasks. IBMA naturally extends to tasks with more than two modalities by applying
a modality-specific encoder to each modality and performing cross-modal attention—based fusion
jointly across multiple modalities following (Mai et al., 2023a; [Wu et al., 2025), while applying

modality-specific representation alignment to each pair of modalities.

Algorithm 1 Training Algorithm of the IBMA Model

Input: Multimodal training data {XZ.(I),XZ.(Q), Yi} , mini-batches {Bb}le, total training epochs tiain,
=1

learning rate a.
Output: Trained network parameters V.
1: Initialize the network parameters »V randomly.
2: forj =1to2do

e
3:  Compute initial class centroids {C?(f )}

y=1

4. j = (jmod2)+1
5:  Initialize the variational distribution Q¥ (2% € a | ZU") € y) = & foralla,y € [C].
6: end for
7: Initialize the fused variational distribution Q(Z € a | Y = y) = é for all a,y € [C].
8: Initialize fused class centroids {.7-}}521 for Z as zeros or using one forward pass.
9: for t = 1 to tain do
10: forb=1to Bdo
11: Update W <= W — aVw L, using mini-batch By, where Ly, is defined in Equation ().
12:  end for
13:  forj =1to2do
14: j = (jmod2) +1
15: Update QW) (Z29) € a | zU") € ¢) using Algorithrn
16: Update class centroids {J—"éj )}
a=1
17:  end for

18:  Update Q(Z € a | Y = y) using Algorithm[4]
19:  Update class centroids {F,}_,.
20: end for

21: return Trained network parameters WV .

Training Procedure of IBMA. IBMA is trained in an end-to-end manner by jointly optimizing all
model components, including the modality-specific encoders and the cross-modal fusion module.
The network parameters are updated by optimizing the joint training loss £, in Equation (2) for the
training data in the b-th batch. Algorithm I]describes the training of the IBMA model. Such a joint
optimization strategy ensures that IBMA simultaneously achieves modality-wise feature alignment
and effective multimodal fusion under the guidance of the IB principle.

4 EXPERIMENT

In this section, we evaluate the proposed IBMA across multiple multimodal learning tasks. Section[d.T]
first describes the datasets and experimental settings throughout the experiments. Section 4.2|
evaluates IBMA for multimodal emotion recognition. Section evaluates the performance of
IBMA for multimodal sentiment analysis. Section [4.4] evaluates the performance of IBMA on
multimodal disease classification on two large-scale datasets, MIMIC-CXR (Johnson et al.|[2019)
and CheXpert (Irvin et all 2019). Section [4.5] presents an ablation study analyzing the impact
of modality-specific representation alignment in IBMA. Section .6] compares the proposed IBB
variational upper bound for the IB loss with existing IB upper-bound formulations in terms of both
effectiveness and training efficiency. Additional experiment results are presented in Section |C|of
the appendix. Section [C.I|evaluates the effectiveness of IBMA for multimodal anomalous tissue
detection. We analyze the sensitivity of IBMA to the choice of 7 in Section[C.2} Section[C.3|reports
the training time comparisons between IBMA and the competing multimodal learning baselines.
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Section [C.4]evaluates the statistical significance of the observed performance improvements of IBMA
in Table2}j6] We study the classification performance using the modality-specific encoder alone in
IBMA in Section|C.3] The Grad-CAM visualization analysis on CheXpert for multimodal disease
classification is presented in Section |C.6]

4.1 IMPLEMENTATION DETAILS

We evaluate IBMA on various multimodal benchmarks, including emotion recognition datasets,
CREMA-D (Cao et al.l 2014), MELD (Poria et al., [2019), and IEMOCAP (Busso et al., 2008)),
sentiment analysis datasets, CMU-MOSI (Zadeh et al.,[2016)) and MELD (Poria et al., [2019)), patho-
logical tissue datasets, 10x-hNB-A—H and 10x-hBC-A-D (Xu et al., 2024), and disease classification
datasets, MIMIC-CXR (Johnson et al., 2019) and CheXpert (Irvin et al., 2019). Five common
thorax diseases from MIMIC-CXR and CheXpert are used following the literature on thorax disease
classification (Xiao et al.,|2023)). Detailed dataset descriptions are provided in Section of the
appendix, and Table[I|summarizes the training and test splits for all datasets used in our experiments.
Detailed experimental settings and descriptions of the compared methods are provided in Section
and [B.3] of the appendix.

Table 1: Summary of training and test data sizes for each dataset.
Dataset # Classes Training size  Test size
CREMA-D (Cao et al.|2014) 6 6,698 744
CMU-MOSI (Zadeh et al.||[2016) 7 1,281 685
10x-hNB & 10x-hBC (Xu et al.}|2024) 2 18,183 1,123

IEMOCAP (Busso et al.[[2008) 5 5,990 1,541

7

5

5

MELD (Poria et al.[[2019) 9,989 2,610
MIMIC-CXR (Johnson et al.|[2019) 227,835 1,000
CheXpert (Irvin et al..72019) 223,414 234

4.2 MULTIMODAL EMOTION RECOGNITION

We evaluate IBMA on multimodal emotion recognition, where emotional states are jointly predicted
from heterogeneous modalities, following standard protocols in the multimodal learning literature (Wu
et al.| 2025 [Mai et al.||2023a; |Cui et al.,|2024). For CREMA-D, we adopt the audio—visual setting
in (Wu et al., [2025), where raw speech waveforms are converted into log-Mel spectrograms and
encoded using a ResNet-18 backbone to obtain fixed-dimensional acoustic embeddings, while facial
video frames are processed by a shared-weight ResNet-18 encoder and temporally averaged to
produce utterance-level visual representations. For MELD and IEMOCAP, we adopt a tri-modal
setting with audio, visual, and textual modalities following (Mai et al., 2023a)), where modality-
specific representation alignment is applied to each pair of modalities. The textual modality is encoded
using a BERT-based text encoder (Liu et al.,2019). The resulting modality-specific representations are
fused via a cross-modal attention module to produce a unified multimodal representation for emotion
prediction. It is observed in Table[2]that IBMA consistently outperforms existing multimodal learning
methods across all three benchmarks. In particular, IBMA outperforms the strongest baseline by
1.8% on CREMA-D, demonstrating the effectiveness of modality-specific representation alignment.

Table 2: Accuracy comparison for emotion recognition on CREMA-D, MELD, and IEMOCAP. The
IBMA results are averaged over 10 runs with different random initializations and reported as mean
=+ standard deviation, while the statistical significance of its improvements over the best baseline is
presented in Table[I0]in Section [C.4]of the appendix.

Method CREMA-D MELD IEMOCAP
Concat (Perez et al.{|2018) 532 56.1 67.4
BiGated (Kiela et al.[[2018) 58.4 59.8 70.2
MISA (Hazarika et al.[|2020) 57.7 60.5 71.0
Deep IB (Wang et al.|[2019) 54.1 57.3 68.6
MMIB (Zhang et al.[|2022) 56.7 61.4 723
MMRLIB (Cui et al.{[2024) 57.3 62.0 73.1
MIB (Mai et al.|2023a) 61.4 63.6 74.1
MCIB (Wang et al.{|2025) 63.2 64.0 74.3
CLFA (Zhang et al.[[2024) 63.0 63.5 74.0
DCLF (Xie et al.|[2025) 63.4 63.2 74.2
OMIB (Wu et al.|[2025) 63.6 64.3 74.2
IBMA (Ours) 654404  65.7+£0.3 75.7+0.3
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4.3 MULTIMODAL SENTIMENT ANALYSIS

We evaluate IBMA on multimodal sentiment analysis, where sentiment polarity is jointly inferred
from heterogeneous modalities, following standard protocols in the multimodal learning literature (Wu
et al.l 2025 Mai et al., 2023a; |Cui et al.| [2024). For both CMU-MOSI and MELD, we adopt a
tri-modal setting following (Wu et al., [2025), incorporating audio, visual, and textual modalities.
Raw speech waveforms are transformed into log-Mel spectrograms and encoded with a ResNet-18
backbone, while facial video frames are processed by a shared-weight ResNet-18 encoder with
temporal average pooling. Textual inputs are encoded using a BERT-based text encoder (Liu et al.,
2019). The resulting modality-specific representations are fused through a cross-modal attention
module to obtain a unified multimodal representation for sentiment prediction. We report seven-class
accuracy (Acc-7) on CMU-MOSI to evaluate fine-grained sentiment polarity and intensity, and
additionally report binary accuracy (Acc-2) and Fl-score by grouping sentiments into positive and
negative classes. For MELD, we report Acc-2 and F1-score only, as it provides binary sentiment
annotations. As shown in Table 3] IBMA consistently outperforms existing multimodal learning
methods on both benchmarks. In particular, IBMA surpasses the strongest baseline by 1.4% in F1-
score and 1.5% in binary accuracy on MELD, demonstrating the effectiveness of modality-specific
representation alignment.

Table 3: Performance comparison for sentiment analysis on CMU-MOSI and MELD. The IBMA
results are averaged over 10 runs with different random initializations and reported as mean =+
standard deviation, while the statistical significance of its improvements over the best baseline is
presented in Table[TT]in Section [C.4]of the appendix.

CMU-MOSI MELD

Method Acc]  Acc2 FI Acc2 FI
Concat (Perez et al.|[2018) 41.5 81.1 82.0 74.2 73.8
BiGated (Kiela et al.[|2018) 41.8 82.1 83.2 75.1 74.6
MISA (Hazarika et al.|[2020) 423 834 83.6 76.3 75.8
Deep IB (Wang et al.|[2019) 453 832 83.3 76.0 75.5
MMIB (Zhang et al.|2022) 46.3 85.0 85.0 78.4 78.0
MMRLIB (Cui et al.{[2024) 45.7 84.3 84.4 77.8 77.3
DMIB (Fang et al.||2024) 40.4 83.2 83.3 75.6 75.2
MIB (Mai et al.[[2023a) 48.6 853 85.3 79.1 78.7
MCIB (Wang et al.|[2025) 48.8 86.7 87.2 80.2 79.7
CLFA (Zhang et al.[[2024) 47.8 86.1 86.6 80.2 79.7
DCLF (Xie et al.|[2025) 48.5 86.5 87.1 80.1 79.5
OMIB (Wu et al.|2025) 48.6 86.9 87.1 80.5 80.1
IBMA (Ours) 50.1+0.2 87.9+0.3 88.3+0.2 | 82.0+04 81.5+0.3

4.4 MULTIMODAL DISEASE CLASSIFICATION

We evaluate IBMA for multimodal thoracic disease classification on the large-scale medical vision-
language benchmarks MIMIC-CXR (Johnson et al.,|2019) and CheXpert (Irvin et al., 2019), where
the goal is to predict the presence of multiple thoracic pathologies from the chest X-ray and the
clinical reports. Chest X-ray images are encoded with a ViT-B (Xiao et al.l 2023) encoder and
radiology reports with a BERT-based text encoder (Huang et al., |2019) pre-trained for medical
predictions. The same modality-specific encoders and fusion architecture are used across all baseline
methods. For both MIMIC-CXR and CheXpert, we report mean AUROC (mAUC), defined as the
arithmetic mean of per-disease AUROC scores across all diseases. It is observed in Table {4 that
IBMA significantly outperforms all competing multimodal learning methods. For instance, IBMA
outperforms OMIB by 1.4% in mAUC on CheXpert, demonstrating the advantages of IBMA.

4.5 ABLATION STUDY ON THE MODALITY-SPECIFIC REPRESENTATION ALIGNMENT

To study the effect of modality-specific representation alignment in IBMA, we construct an ablation
model, termed IBMA w/o Modality-Specific Representation Alignment, which removes all modality-
specific IB loss while retaining the same modality-specific encoders, cross-modal fusion module, and
multimodal IB loss on the fused multimodal representation. We compare IBMA with the ablation
model and OMIB (Wu et al., [2025) in terms of modality-specific IB loss, multimodal IB loss, and
the mAUC for multimodal disease classification. It is observed in Table [5] that IBMA renders
significantly lower modality-specific IB loss than OMIB and the ablation model without modality-
specific representation alignment, leading to a lower multimodal IB loss and better classification
accuracy. For instance, the modality-specific IB losses of IBMA are 0.022 and 0.013 lower than
those of the ablation model without modality-specific representation alignment, leading to a 1%
improvement in mAUC on CheXpert.
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Table 4: mAUC comparison for disease classification on MIMIC-CXR and CheXpert. The IBMA
results are averaged over 10 runs with different random initializations and reported as mean +
standard deviation, while the statistical significance of its improvements over the best baseline is
presented in Table[12]in Section [C.4]of the appendix.

Method MIMIC-CXR CheXpert
Concat (Perez et al.][2018) 67.9 85.0
BiGated (Kiela et al.|2018) 68.4 87.5
MISA (Hazarika et al.{[2020) 68.2 86.4
Deep IB (Wang et al.[[2019) 67.0 86.2
MMIB (Zhang et al.[|2022) 69.6 87.7
MMRLIB (Cui et al.|[2024) 69.4 87.5
MIB (Mai et al.[[2023a) 70.2 88.1
MCIB (Wang et al.[[2025) 70.6 88.4
CLFA (Zhang et al.|[2024) 70.5 88.6
DCLF (Xie et al.[[2025) 71.0 88.9
OMIB (Wu et al. 2025} 71.0 89.3
IBMA (Ours) 72.240.3 90.7+0.2

Table 5: Ablation study on the modality-specific representation alignment for multimodal disease
classification. Lower (more negative) values of IB loss indicate stronger IB alignment and better
adherence to the IB principle. The IBMA results are averaged over 10 runs with different random
initializations and reported as mean =+ standard deviation, while the statistical significance of its

improvements over the ablation model is presented in Table[I5]in Section [C.4]of the appendix.

Dataset Method Visual IB Loss | | Textual IB Loss | | Multimodal IB Loss | | mAUC (%) 1
OMIB (Wu et al.]2025] -0.021 -0.024 -0.028 71.0

MIMIC-CXR | IBMA w/o Modality-Specific Representation Alignment -0.028 -0.031 -0.035 714
IBMA (Ours) -0.048 -0.045 -0.058 72.240.3
OMIB (Wu et al.}[[2025) -0.020 -0.023 -0.028 89.3

CheXpert IBMA w/o Modality-Specific Representation Alignment -0.027 -0.030 -0.036 89.7
IBMA (Ours) -0.049 -0.043 -0.055 90.7+0.2

4.6 COMPARISON BETWEEN IBB AND EXISTING UPPER BOUNDS FOR THE IB LOSS

We compare the proposed variational upper bound for the IB loss, IBB, with existing works deriving
the upper bound for the IB loss (Cheng et al., 2020; |Dai et al., 2018; [Srivastava et al.,|2021)), including
CLUB (Cheng et al.,|[2020) and VIB (Dai et al., 2018} |Srivastava et al.,|2021). We also compare
IBB with APIB (Guo et al.,|2023)), which relies on IB approximation instead of directly reducing the
IB loss. The comparison is conducted by replacing IBB with VIB, APIB, and CLUB in IBMA for
emotion recognition on CREMA-D, with training time reported on a single NVIDIA A100 GPU. It
is observed in Table[6] that the unrealistic Gaussian distribution assumption on the hidden features
imposed by VIB (Dai et al., 2018) and the IB approximation in APIB (Guo et al.,|2023) lead to
degraded performance compared with IBB. For example, the IBB-based model outperforms the
VIB-based model by 1.5% in accuracy on CREMA-D, with only a marginal 5.3% increase in training
time. Moreover, the IBB-based model outperforms the CLUB-based model by 1.3% in accuracy
while using only 52.6% of its training time.

Table 6: Comparison of different methods for reducing the IB loss on CREMA-D for emotion
recognition. The IBB results are averaged over 10 runs with different random initializations and
reported as mean = standard deviation, while the statistical significance of its improvements over the
best baseline is presented in Table[I4]in Section[C.4]of the appendix.

Methods Training Time (Minutes/Epoch) | Accuracy
VIB (Dai et al.]2018) 1.9 63.9
APIB (Guo et al.[[2023) 1.9 63.8
CLUB (Cheng et al.[[2020) 3.8 64.1
IBB (Ours) 2.0 65.4+0.4

5 CONCLUSION

In this paper, we propose Information Bottleneck—based Multimodal Alignment IBMA), a novel
multimodal learning framework that enforces the IB principle at both the fused multimodal and
modality-specific representation levels. By introducing modality-specific representation alignment,
IBMA explicitly guides each modality-specific encoder to learn task-relevant and semantically aligned
representations with cross-modal supervision, while effectively suppressing modality-dependent
noise and redundancy. In addition, we derive a novel, efficient, and distribution-free variational upper
bound for the IB loss, IBB. Extensive experiments and ablation studies across diverse multimodal
benchmarks demonstrate that IBMA significantly outperforms existing multimodal learning methods.

10
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Proof of Theorem[3.1] Equation (I) in Theorem [3.I] of the main paper follows from IB =
(2O, XDy — (2D, "), the upper bound for 1(Z%), X)) in Lemma [A.1| and the lower
bound for 1(Z), 2" in Lemma O

A.1  COMPUTATION OF QW) (71| z")

The variational distribution Q) (2| Z(")) is computed by
> A2 )y
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Our Algorithm computes Q) (Z(1)|Z(")) efficiently with a time complexity of ©(nC + nTp),
where C' is the number of classes, n is the number of training samples, and Tj denotes the computa-
tional complexity of a forward and backward pass of the neural network with respect to each training
sample.

We remark that the variational distribution QU)(Z() € a|ZU") € y) = Pr (Z0) € aly =y] is
modeled through the conditional probability on the class label Y = y. We first emphasize that
our upper bound IBBY) in Theorem for the IB loss IBU) holds for an arbitrary distribution
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QW (2D € a|ZU") € y). Our particular choice for Q) is not only effective in empirical perfor-
mance as evidenced in Section[d} but also efficient which eliminates of the need of a time consuming

process of training a VAE to model the conditional distribution P(Z/)|Z( /)), such as CLUB (Cheng
et al., [2020).

A.2 COMPUTATION OF IBB(ft®)

Repeating the argument in the proof of Theorem [3.1] the upper bound for the IB loss on the fused
multimodal representation is B(fse) < IBB¢) \where
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where the variational distribution Q(Z € a|Y = y) is computed by
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Our Algorithm | computes Q(Z|Y") efficiently with a time complexity of ©(nC + nTy), where C
is the number of classes, n is the number of training samples, and 7, denotes the computational
complexity of a forward and backward pass of the neural network with respect to each training
sample.

B ADDITIONAL EXPERIMENT SETTINGS

B.1 DATASETS

For speech-based emotion recognition, we adopt CREMA-D (Cao et al.,[2014)), which consists of
acted audio-visual recordings where professional actors convey six categorical emotions through
synchronized facial expressions and speech signals. In addition, we include IEMOCAP (Busso
et al., [2008)), a widely used conversational emotion corpus featuring dyadic interactions with fine-
grained emotional annotations, allowing us to further assess robustness under spontaneous and
context-dependent emotional expressions. For multimodal sentiment analysis (MSA), experiments
are conducted on CMU-MOSI (Zadeh et al.,|2016), which integrates language, acoustic, and visual
modalities and provides real-valued sentiment intensity labels ranging from -3 (strongly negative)
to +3 (strongly positive). We further extend sentiment evaluation to MELD (Poria et al., 2019), a
large-scale multimodal dialogue dataset derived from television series, where utterance-level emotion
and sentiment labels are annotated within multi-speaker conversational contexts. To study multimodal
learning in biomedical settings, we consider eight pathological tissue datasets constructed from
healthy human breast tissues (10x-hNB-A-H) and human breast cancer tissues (10x-hBC-A-D) (Xu
et al.| |2024)). Each dataset jointly contains gene expression profiles and corresponding histology
images. Following prior work (Wu et al., [2025; Mai et al., 2023a)), IBMA is trained exclusively on
healthy tissue datasets and subsequently transferred to cancer tissue datasets for pathological tissue
detection, enabling evaluation under a cross-domain generalization setting. In addition, we involve
large-scale multimodal learning datasets, MIMIC-CXR (Johnson et al.,|2019) and CheXpert (Irvin
et al.,[2019), which are large-scale chest radiography datasets consisting of paired medical images
and clinical text reports, and are widely used benchmarks for multimodal representation learning and
medical image understanding.
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B.2 EXPERIMENT SETTINGS

IBMA employs modality-specific encoders and a cross-modal attention—based fusion architecture for
multimodal learning across tasks, where each encoder produces a 512 dimensional embedding as
specified in the corresponding experimental sections. The cross-modal fusion module is implemented
using a single transformer block (Vaswani et al.,|2017) with 8 attention heads and a position-wise
MLP, together with residual connections and layer normalization, after which the fused features
are projected to a 512 dimensional multimodal representation following (Wu et al. 2025). All
models are trained for 500 epochs using the Adam optimizer, with the learning rate selected from
{1 x 10745 x 107%,1 x 1073} and the weight decay from {1 x 10761 x 107°,1 x 10~%}. The
balancing factor 7 for the IBB regularization term is selected via five-fold cross-validation from
{0.1,0.2,...,0.9} on the training set of each evaluation benchmark.

B.3 COMPARED METHODS

We compare IBMA with a broad range of multimodal fusion and information-theoretic baselines,
including early fusion method, Concat (Perez et al.| 2018)) and BiGated (Kiela et al., 2018)), repre-
sentation disentanglement method, MISA (Hazarika et al.| [2020), and information bottleneck—based
methods, Deep IB (Wang et al., 2019), MMIB (Zhang et al., |2022), MMRLIB (Cui et al., [2024),
MIB (Mai et al.} 2023a), MCIB (Wang et al., |2025)), and OMIB (Wu et al.} 2025)), and contrastive
learning based alignment methods, DCLF (Xie et al.,[2025) and CLFA (Zhang et al.,[2024). The best
results among the three variants of MIB (Mai et al., [2023a)), including E-MIB, L-MIB, and C-MIB,
are reported.

C ADDITIONAL EXPERIMENT RESULTS

C.1 ANOMALOUS TISSUE DETECTION

We further evaluate IBMA on multimodal anomalous tissue detection, where the objective is to
identify anomalous tissue regions from eight human breast cancer datasets (10x-hBC-A-D) by jointly
modeling gene expression and histology modalities. Due to the limited availability of region-level
anomaly annotations, we adopt the Support Vector Data Description (SVDD) framework (Ruff]
et al., |2018)) for anomaly detection. Following OMIB (Wu et al.| 2025), we employ modality-
specific encoders, where gene expression profiles are encoded using a multi-layer perceptron (MLP)
and histology regions are encoded using a ResNet-18 encoder. The resulting modality-specific
representations are fused using the cross-modal attention module, leading to the fused multimodal
representation. The same modality-specific encoders are used across all baseline methods to ensure
a fair comparison with IBMA. The model is trained exclusively on eight healthy tissue datasets
(10x-hNB-A-H) to learn a compact hypersphere that encloses multimodal representations of normal
tissue regions. During inference, the trained model is applied to each breast cancer dataset, and the
distance between each multimodal representation and the hypersphere center is used as an anomaly
score to identify anomalous regions. All competing methods follow the same SVDD-based training
and evaluation protocol and use identical modality-specific encoders for fair comparison. Detection
performance is evaluated using ROC-AUC and F1-score, computed based on the predicted anomaly
scores and available region-level annotations. It is observed in Table [/| that IBMA significantly
outperforms the competing multimodal learning methods on anomalous tissue detection. For instance,
IBMA outperforms the strongest baseline, OMIB, by 2% in AUC averaged on all four test datasets.

C.2 SENSITIVITY ANALYSIS

We analyze the sensitivity of IBMA to the balancing factor n in the joint training loss £, from
Equation (2) on CREMA-D, where 7 controls the strength of the IBB regularization relative to the
cross-entropy loss. We conduct the sensitivity study by varying 1 over the range {0.1,0.2,...,0.9}
while keeping all other training settings fixed. As shown in Table[§] IBMA maintains stable perfor-
mance across different values of 7, with an accuracy variation of at most 0.4% on CREMA-D for
multimodal emotion recognition.
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Table 7: Performance comparison of multimodal learning methods for anomalous tissue detection on
the 10x-hBC-{A-D} datasets. The IBMA results are averaged over 10 runs with different random
initializations and reported as mean =+ standard deviation, while the statistical significance of its
improvements over the best baseline is presented in Table|13|in Section |C.4|of the appendix.

Method 10x-hBC-A 10x-hBC-B 10x-hBC-C 10x-hBC-D Mean
AUC FI AUC FI AUC FI1 AUC FI AUC FI

Concat (Perez et al.[[2018] 0.537 0.884 0.866 0.654 0.638 0.750 0.555 0.509 0.649  0.699
BiGated (Kiela et al. {2018} 0.489 0.821 0.518 0.352 0.563 0.727 0.540 0.494 0.528 0.599
MISA (Hazarika et al.|[2020] 0.498 0.873 0.499 0.213 0.586 0.754 0.495 0.450 0.520 0.573
Deep IB (Wang et al.|[|2019] 0.522 0.878 0.379 0.102 0.433 0.693 0.484 0.443 0.455  0.529
MMIB (Zhang et al.] 2022} 0.623 0.894 0.818 0.559 0.765 0.822 0.501 0.465 0.677  0.685
MMRLIB (Cui et al.|2024 0.626 0.897 0.817 0.583 0.662 0.783 0.604 0.524 0.677  0.697
DMIB (Fang et al.[[2024} 0.423 0.865 0.849 0.607 0.743 0.827 0.642 0.540 0.664 0.710
MIB (Mai et al.|[2023a) 0.598 0.891 0.770 0.483 0.659 0.786 0.652 0.564 0.602  0.681
MCIB (Wang et al.||2025) 0.684 0.898 0.852 0.628 0.716 0.811 0.621 0.548 0.718 0.721
CLFA (Zhang et al.|2024) 0.663 0.892 0.834 0.612 0.704 0.803 0.610 0.541 0.703  0.712
DCLF (Xie et al.{2025} 0.701 0.900 0.872 0.641 0.728 0.819 0.632 0.552 0.733  0.728
OMIB (Wu et al.||2025] 0.728 0.904 0.903 0.663 0.743 0.820 0.640 0.561 0.754 0.737
IBMA (Ours) 0.7441+0.003  0.915+0.002 | 0.916--0.002  0.685+0.005 | 0.767+0.004  0.840+0.003 | 0.668+0.004 0.577+0.004 | 0.774 0.754

Table 8: Sensitivity of IBMA to the balancing coefficient 7 on CREMA-D for multimodal emotion
recognition.

7 01 02 03 04 05 06 07 08 09
Accuracy (%) | 65.1 650 652 653 654 653 651 650 650

C.3 TRAINING TIME COMPARISON

We further compare the training efficiency of IBMA with existing multimodal learning methods on
the CREMA-D dataset. All methods are trained on a single NVIDIA A100 GPU. The training time
results on CREMA-D are summarized in Table[9] where the total training time for both IBMA and
the baseline methods is reported. It is observed in Table[9]that IBMA only marginally increases the
training time by 5.3% compared to the strongest baseline OMIB, while significantly outperforming
OMIB by 1.8% in emotion recognition accuracy on CREMA-D, demonstrating the effectiveness and
efficiency of the proposed IBMA. It is worthwhile to mention that the class centroids in the input
feature space can be efficiently pre-computed prior to training using FAISS (Douze et al., [2025)),
which supports fast, memory-efficient, and highly parallelized centroid and distance computations
on GPUs, even for high-dimensional features. In particular, computing the class centroids and
the distances between the input features of all samples in the training set of CREMA-D and their
corresponding class centroids requires only 16.7 seconds, which happens one time before the training.
Computing the class centroids and the distances between the learned features of all samples in the
training set of CREMA-D and their corresponding class centroids requires only 2.1 seconds in each
epoch.

Table 9: Performance and training time comparison of multimodal learning methods on CREMA-D.

Method CREMA-D __
Accuracy (%) Training Time (Minutes/Epoch)
Concat (Perez et al.|[2018) 532 15
BiGated (Kiela et al.[[2018) 58.4 1.7
MISA (Hazarika et al.[|2020) 57.7 1.8
Deep IB (Wang et al.[[2019) 54.1 1.8
MMIB (Zhang et al.[|2022) 56.7 1.9
MMRLIB (Cui et al.![2024) 57.3 2.2
MIB (Mai et al.[[2023a) 61.4 1.8
MCIB (Wang et al.|[|2025) 63.2 1.9
CLFA (Zhang et al.|[2024) 63.0 2.0
DCLF (Xie et al.[[2025) 63.4 2.0
OMIB (Wu et al.|[2025) 63.6 1.9
IBMA (Ours) 65.4+0.4 2.0

C.4 IMPROVEMENT SIGNIFICANCE ANALYSIS

To verify that the performance improvements achieved by IBMA over existing multimodal learning
methods are statistically significant and not caused by random variation, we conduct paired ¢-tests
between IBMA and the best-performing baseline method on each dataset. For all the multimodal
learning tasks, IBMA and the corresponding best baseline are trained and evaluated 10 times with
different random seeds for network initialization. The mean and standard deviation of the evaluation
metrics, together with the resulting p-values of the paired ¢-tests, are reported in Table [I0|for emotion
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recognition, Table E] for sentiment analysis, Table ['I;Z] for multimodal disease classification, and
Table [T3]for anomalous tissue detection. As shown in Tables the largest p-value across all
benchmarks and tasks is 3.6 x 10~° on MELD for emotion recognition, which is below the standard
significance threshold of 0.05. These results indicate that the performance improvements achieved by
IBMA over the corresponding best baseline methods are statistically significant with p < 0.05, and
are unlikely to be caused by random variation.

Table 10: Statistical significance analysis for multimodal emotion recognition. Paired ¢-tests are
conducted between IBMA and the best baseline on each dataset over 10 runs.

Dataset Best Baseline (Accuracy) | IBMA (Accuracy) p-value

CREMA-D 63.6 £0.3 65.4+04 1.2x107°
MELD 64.3 £0.4 65.7 £ 0.3 3.6 x 107°
IEMOCAP 74.3+0.3 75.7+0.3 4.5 x 1076

Table 11: Statistical significance analysis for multimodal sentiment analysis. Paired ¢-tests are
conducted between IBMA and the best baseline on each dataset over 10 runs.

Dataset Best Baseline (Acc-2) | IBMA (Acc-2) p-value
CMU-MOSI 86.9+0.3 87.9+0.3 2.2 x 1077
MELD 80.5+0.4 82.0+0.4 1.9 x 1076

Table 12: Statistical significance analysis for multimodal disease classification. Paired t-tests are
conducted between IBMA and the best baseline on each dataset over 10 runs.

Dataset Best Baseline (mAUC) | IBMA (mAUC) p-value
MIMIC-CXR 71.0+0.2 72.240.3 3.6 x 1076
CheXpert 89.3 +0.2 90.7 4 0.2 1.1x 1076

Table 13: Statistical significance analysis for multimodal anomalous tissue detection. Paired ¢-tests
are conducted between IBMA and the best baseline over 10 runs.

Dataset Best Baseline (AUC) | IBMA (AUC) p-value

10x-hBC-A 0.728 + 0.004 0.744 £0.003 | 2.5 x 1077
10x-hBC-B 0.903 + 0.002 0.916 +0.002 | 1.6 x 1076
10x-hBC-C 0.743 £+ 0.003 0.767 £0.004 | 5.7 x 1077
10x-hBC-D 0.652 + 0.004 0.668 +0.004 | 4.2 x 107

To further verify that the performance improvements brought by IBB over existing IB loss upper
bounds are statistically significant rather than due to random variation, we additionally conduct
paired t-tests between the IBB-based model and each competing variant. All models are trained and
evaluated 10 times on CREMA-D with different random seeds under identical experimental settings.
As shown in Table[I4] the performance gains achieved by IBB over VIB, APIB, and CLUB are all
statistically significant, with p-values well below the standard significance threshold of 0.05. These
results further confirm that the superiority of IBB is consistent and robust, and cannot be attributed to
stochastic training effects.

Table 14: Statistical significance analysis for comparing IBB with the best-performing IB loss upper

bound on CREMA-D. Paired ¢-tests are conducted over 10 runs with different random seeds.
Dataset Best Baseline (Accuracy) | IBB (Accuracy) p-value

CREMA-D 64.1+0.3 65.4 0.4 2.8 x 1077

To further verify that the improvements brought by modality-specific representation alignment are
statistically significant rather than caused by random variation, we additionally conduct paired ¢-tests
between IBMA and the ablation model without modality-specific representation alignment. Both
models are trained and evaluated 10 times with different random seeds under identical experimental
settings. The resulting p-values for multimodal disease classification are reported in Table[I5]

C.5 ANALYSIS ON THE MODALITY-SPECIFIC ENCODER
To explicitly assess the quality of modality-specific representations learned by IBMA, we evaluate

each modality-specific encoder independently on the CheXpert dataset. Following the standard
evaluation protocols in existing works (Mai et al., [2023a)), we attach a linear classifier to the frozen
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Table 15: Statistical significance analysis comparing IBMA with the ablation model without modality-
specific representation alignment. Paired ¢-tests are conducted over 10 runs with different random

seeds.
Dataset IBMA w/o Modality-Specific Representation Alignment (mAUC) | IBMA (mAUC) p-value
MIMIC-CXR 71.44+0.3 72.2+0.3 3.1 x 107
CheXpert 89.7 £ 0.2 90.7+0.2 1.4 x 1076

image encoder and text encoder, respectively, and train the classifier to predict thoracic disease
labels using only a single modality at a time. We compare IBMA with OMIB 2025) and
an ablation variant, IBMA without modality-specific representation alignment, which removes all
modality-specific IB losses in IBMA. It is observed in Table [T6]that IBMA consistently improves the
performance of both the image encoder and the text encoder compared to the competing methods.
In particular, IBMA achieves significantly better mAUC than OMIB for both modalities, while
removing modality-specific representation alignment leads to degraded unimodal performance. For
instance, IBMA outperforms OMIB by 1.2% and 1.5% in mAUC for disease classification on
the image domain and text domain, eventually leading to an improvement of 1.4% in mAUC for
multimodal disease classification. The consistent improvements across both modalities demonstrate
that both modality-specific encoders benefit from the cross-domain supervision enforced by the
modality-specific representation alignment proposed in IBMA.

Table 16: Evaluation of modality-specific encoders on CheXpert. Each encoder is evaluated inde-
pendently using a linear classifier on top of frozen representations. Higher mAUC indicates better
modality-specific representation quality.

mAUC

Method Image Text Multimodal

OMIB (Wu et al.] 2025 88.0 76.0 89.3
IBMA w/o Modality-Specific Representation Alignment | 88.4  76.5 89.7

IBMA (Ours) 89.2 775 90.7

Stable examination with
cardiomegaly and fibrotic
changes seen in the mid to
lower lungs, with no A
evidence of consolidation or
pulmonary edema.

Disease: Cardiomegaly

Radiology Report OMIB IBMA

Marked enlargement of the
cardiomediastinal silhouette
appears grossly similar
compared to 10/4/2019 and
likely reflects marked
cardiomegaly, with inferior
extension over the lower _ _ -
thoracic region. ’

Chest X-ray Radiology Report OMIB IBMA

i

Disease: Cardiomegaly

Figure 3: Grad-CAM visualization of the image encoder from OMIB and IBMA for two instances
from the CheXpert dataset for multimodal disease classification. The two examples
are in the class of cardiomegaly, which is characterized by abnormal enlargement of the heart,
commonly reflected on chest X-rays as an increased cardiothoracic ratio observed in the lower
middle of the two lungs. The radiology reports in both examples explicitly indicate the presence
of cardiomegaly, using phrases such as “mid to lower lungs” and “lower thoracic region”, which
correspond to the typical anatomical location of cardiomegaly in chest radiographs. The red arrows
illustrate that the image encoder of IBMA successfully focuses on the most informative regions of
cardiomegaly in the mid to lower or lower lungs, as indicated in the radiology reports.
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Algorithm 2 MI Minimization with vCLUB (Algorithm 1 in CLUB (Cheng et al., [2020))

1: for each training iteration do
2: Sample {(X;, Z;)}]_, from p, (X, Z)
3:  Compute log-likelihood £(0) = L 3" log go(Z:| X:)
4:  Update qo(Z]X) by increasing £?9)
5: fori=1tondo
6: Li =1og qo(Zi| Xi) — 1 Y7, log qo(Z;| Xy)

7 end for _

8:  Update p, (X, Z) by reducing l.cLug = % S Li
9: end for

Algorithm 3 Efficient Computation of Q@) (Z) € a | ZU") € y)
Input: The precomputed soft assignments qb(Zi(j ), a) for i € [n] and a € [C], the class labels {Y; }

n

number of classes C'. Here {Zi(j ) } are computed at the ¢-th epoch in Algorithmof the main paper.

i=1

n
i=1’

and the

Output: Conditional distribution matrix Q € R€*¢

1: Initialize Q < 09> and count vector M < 0°.
2: fort: =1tondo

3 fora =1to C do i

4 Qla,Yi] « Qla,Yi] + (2, a)
5:  end for

6 M[Y;] + M[Y:] +1

7: end for

8: fory =1to C do

9: fora=1toC do

10: Qla, y] < Qla,yl/M[y]

11:  end for

12: end for

13: Return

C.6 GRAD-CAM VISUALIZATION FOR MULTIMODAL DISEASE CLASSIFICATION

As illustrated by the Grad-CAM visualization of the image encoders for multimodal disease classifi-
cation in Figure[3] although the radiology reports in both examples provide clear location-specific
indications of cardiomegaly, the state-of-the-art IB-based multimodal learning method, OMIB (Wu
et al.l [2025)), fails to consistently attend to the most disease-relevant regions in the mid to lower
lungs and instead focuses on the upper lung regions. In contrast, our proposed IBMA accurately
concentrates on the clinically meaningful regions associated with cardiomegaly as described in the
radiology reports, which are the mid to lower regions in the lung, guided by the explicit textual
cues. This is because the modality-specific representation alignment proposed in IBMA enables
effective cross-modal textual guidance for image representations, which is absent in existing IB-based
multimodal learning methods such as OMIB (Wu et al., 2025).

D COMPUTATIONAL COMPLEXITY ANALYSIS

Given samples {(X;, Z;)}.—, drawn from the joint distribution p, (X, Z) = p,(Z|X)p(X), the
goal of CLUB is to optimize the parameters of the predictive neural network p,(Z|X) such that
the resulting joint model p, (X, Z) induces minimal mutual information between X and Z. Here,
po(Z]X) serves as the main predictive model, such as an encoding model or a classification model,
while p(X) denotes the empirical data distribution. In addition, gy(Z|X) is a variational conditional
distribution, also implemented as a neural network, used to approximate p(Z|X) and to provide
a differentiable estimator of mutual information. The optimization alternates between updating
q0(Z|X) by increasing the log-likelihood £(6) = L 3" | log go(Z;|X;) to improve the approxi-
mation accuracy, and updating p, (X, Z) by reducing the upper bound for the mutual information,
I(X,Z), Lerus = 0| Li, where L; = log go(Zi| X;) — 1 > -1 10g ge(Z;]1X;). Through this
alternating process, the algorithm jointly learns an accurate variational estimator g and a predictive
model p,. The complete training procedure is summarized in Algorithm [2]
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Algorithm 4 Efficient Computation of Q(Z € a | Y = y)

Input: The precomputed soft assignments ¢(Z;, a) for i € [n] and a € [C], the class labels {Y; } 1 and the
number of classes C. Here {Z;}}_, are computed at the ¢-th epoch in Algorlthmlof the main paper.
Output: Conditional distribution matrix Q € R€*¢
1: Initialize Q < 09> and count vector M < 0.
for i = 1ton do
fora =1to Cdo
Q[a7 K] A Q[a7 K«] + ¢(Zla CL)
end for
MIYi] « M[Y]] + 1
end for
fory =1to C do
for a = 1to C do
10: Qla, y] « Qla,yl/ My
11:  end for
12: end for
13: Return QQ

A A

Suppose the computation of ¢o(Z|X) costs T, and that of p,(Z|X) costs T). Computing
L) = L3 log qa(Z |X;) requires ©(nT;) time. The computation of vCLUB LeLus =

DI [logqg(Z | X;)— E; 1 log qo(Z;|X; )} requires computing [log go(Z;|X;)] for i, j € [n],

which requires ©(n? T,) time. Updating p,, for reducing vaLUB over the same n inputs adds nT),
time. Hence, one training epoch requires ©(n?T, + nTy, + nT,) = O(n*T, + nT},).

Computational Complexity of IBBY). Herein we analyze the computational complexity for
computing the variational upper bound IBBY) for the modality-specific IB loss. Let T denote the
complexity of a forward and backward computation of the model predicting Zi(j ) for one sample.
For each epoch, the the computation of { Zi(j ) ?_, using the modality-specific encoder takes ©(nTj)
time. Given {Z, j)}l 1, we first pre-compute ¢>(Zi(j), a) for i € [n] and a € [C], which takes ©(nC')
time.

To compute IBBY) = 1 577 ( vy )) we separately compute + 3" U, which is the
upper bound for I(Z(J) X(J)) and L 37" Vi which is the lower bound for I(Z(J) ZU).

Let AY) = exp(~ |2 — F|3) and BY) = exp(~| X — ¢{’|3) for all a € [C] and
y € [C]. Let DEj) = Zac,zl Zf/zl Ef}B(]) Agj)égj) where A(]) ZSI=1 AY) and B(J)

ia’

2521 Bl(_;,) . For each i € [n], we first pre-compute all A%/ and Bi(;)‘for ae [C] and y € [C], which
takes ©(C') time. For each i € [n], we then pre-compute AEJ), Bi(j), and DEJ ) which takes e(0)

time. Then Ui(j ) can be computed as

(4) (4)

) Z, X,

[rz'(]) E E (b J €a, X () c y) IOg ¢( 7 € a”( .)1 € y)
pyd(Z;”,a)

a=1y=1
A(J)B(J)/D(J)
_ 4) gU | ia
- A s (S0
i a=1y=1 y¢( )
AV & 1 (&40 0\ A6
_ J L J J J
= logD (J)ZB logpy+D(j) ZAW log Ay | B;
AV (&L »)  BY ) )
+ > B log B Z(] ZA’ log p(Z2V, a)
D; y=1 D,
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0 . 4 AN
For each i € [n], the computation of 1’%) 23:1 BZ(;) log py, D;) (Zaczl AD 1og AE?) BY,
e c : 4 ) c ; ; .

) (Zyzl BE;) log Bl(f/)) and i (Za:l Agi) log d)(Zi(j),a)) each takes O(C) time. As a

result, the computation of Ui(j ) for each i € [n] takes ©(C') time. Therefore, the computation of
D D U takes ©(nC) time.

Given ¢(Z) a) for all i € [n] and a € [C], the conditional distribution matrix QU)(Z() e
a | ZU) € y) € RE*C can be efficiently computed following Algorithm [3] We denote by
QDa,y] = QUV(ZU) € a | ZU) € y) the (a,y)-th entry of Q) representing the conditional
probability that a learned modality-specific representation Z(7) belongs to class a given that the
representation from the other modality Z/ ) belongs to class y. Each entry Q) [a, ] is computed

by aggregating the soft assignment values qS(Zi(J ), a) over all ¢ € [n] such that Y; = y, followed
by normalization with respect to the total number of samples in that class. The accumulation
step (lines 2—7 in Algorithm [3)) requires ©(nC') time, while the normalization step (lines 8-12 in

Algorithm requires ©(C?) time. Since n >> C, the computational complexity of computing Q)
is O(nC + C?) = ©(n0C).

K3
v = PO 25:1 d)(Zi(j) ca, 79 ¢ y) log QW (ZU) € a | ZU) € y), which takes ©(C?)
time for each i € [n] As a result, the computation of 2 " | Vi(j ) takes ©(nC?) time. Since

IBBY) = Ly W) _ L5 v the overall computation cost for IBBY) is ©(nTy + nC +
nC +nC +nC?) = O(nTy + nC?).

Once QU)(ZW) € a | ZU") € y) is computed for a € [C] and y € [C], V) can be computed by
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