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Abstract

Developing systems that interpret diverse real-world sig-
nals remains a fundamental challenge in multimodal learn-
ing. Current approaches face significant obstacles from in-
herent modal heterogeneity. While existing methods attempt
to enhance fusion through cross-modal alignment or inter-
action mechanisms, they often struggle to balance effective
integration with preserving modality-specific information.
We introduce InfoBridge, a novel framework grounded in
conditional information maximization principles address-
ing these limitations. Our approach reframes multimodal
fusion through two key innovations: (i) we formulate fu-
sion as conditional mutual information optimization with
integrated protective margin that simultaneously encour-
ages cross-modal information sharing while safeguarding
against over-fusion eliminating modal characteristics; and
(ii) we enable fine-grained contextual fusion by leveraging
modality-specific conditions to guide integration. Exten-
sive evaluations across benchmarks demonstrate that Info-
Bridge consistently outperforms state-of-the-art multimodal
architectures, establishing a principled approach that bet-
ter captures complementary information across input sig-
nals. Project page: https://cuhk-aim- group.github.io/
InfoBridge/.

1. Introduction

The integration of multimodal signals from sources such
as vision, sound, touch, and smell provides a compre-
hensive viewpoint for understanding the external environ-
ment [36, 50, 59]. Mimicking human sensing, the ability
to combine multimodal information is crucial towards cre-
ating proficient intelligent agent systems [6, 37, 42—-44, 62].
Endeavors to utilize multimodal models have been applied
across fields, including video classification [29, 54, 64],
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event localization [65, 73], action recognition [28, 58], and
audiovisual speech recognition [48, 51].

Despite attractive properties, empirical outcomes reveal
that multimodal models do not deliver competitive per-
formance compared with unimodal counterparts [5, 55].
While investigations [31, 78] have identified misalign-
ment in modal learning due to heterogeneous data distri-
bution, recent studies attempt to foster cross-modal align-
ment through approaches, such as aligning learning trajec-
tory of features [22, 76], adaptively modulating gradients
across modalities [55, 60], or employing attention maps
and optimal transport [34, 45, 75, 79]. However, multi-
modal learning frameworks continue to grapple with chal-
lenges [16, 53, 55], particularly over-fusion, which we de-
fine as excessive merging of modality-specific representa-
tions that eliminates unique modal characteristics essential
for understanding and reasoning.

These approaches frequently neglect the intrinsic trade-
off between complementarity and fusibility across modal-
ities. While complementary modalities offer unique in-
formation that enhances overall understanding, exces-
sive alignment can destroy these unique characteristics.
For instance, in audio-visual learning, visual informa-
tion provides spatial details while audio captures tempo-
ral dynamics—over-fusion would eliminate these modality-
specific strengths. Moreover, existing methods often adopt
rigid alignment strategies that fail to account for contextual
variations where different modalities should contribute dif-
ferently based on the specific scenario.

As depicted in Fig. 1(a), this trade-off manifests as fol-
lows: while enhanced fusibility (easier merging) simplifies
cross-modal learning, it simultaneously diminishes comple-
mentarity by forcing modalities to become more similar.
This convergence, though computationally convenient, re-
sults in suboptimal utilization of the rich, diverse informa-
tion that different modalities naturally provide [40, 41, 70—
72]. Current research has attempted to address this through
disentanglement techniques [12, 13, 57], but lacks a princi-
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Figure 1. (a) Trade-off between modal complementarity and fusibility. As modal fusibility is enhanced, modal complementarity diminishes.
(b) Visualization of prediction confidence by modalities (video and audio) at diverse scene contexts (wind blowing and painting).

pled information-theoretic framework to control this trade-

off systematically.

The secondary impediment pertains to disregard for prior
knowledge concerning hierarchical importance of modal-
ities within varying contexts. Specifically, networks ex-
hibit predilection for prioritizing modalities that facilitate
ease in learning and scenes that are straightforward to in-
terpret [19]. For instance, in “wind blowing” events, au-
ditory modality is more effortlessly assimilated, whereas
visual features predominantly elucidate painting events, as
shown in Fig.1(b). Overlooking such context priors curtails
discriminative prowess of multimodal fusion models[!2].
Consequently, our objective is incorporating prior knowl-
edge of scenes and modalities while scrutinizing heteroge-
neous multimodal information, to yield granular features for
effective fusion.

To address these challenges, we propose InfoBridge, an
innovative framework based on maximizing conditional in-
formation across modalities. Our approach reframes mul-
timodal fusion through information theory, explicitly op-
timizing cross-modal information while preserving unique
modal characteristics. By incorporating contextual infor-
mation as conditioning factors, we establish theoretical
foundation that naturally maintains protective margin be-
tween aligned features. This design enables fine-grained
control over fusion process, preventing excessive alignment
from compromising modal uniqueness while ensuring ef-
fective information sharing. Through comprehensive the-
oretical analysis and empirical validation, we demonstrate
that InfoBridge achieves favorable balance between fusion
effectiveness and feature complementarity, advancing state-
of-the-art in multimodal learning. In summary, our key con-
tributions are as follows.

* We introduce InfoBridge, a novel framework addressing
the fundamental trade-off between modal complementar-
ity and fusibility through conditional cross-modal infor-
mation maximization with protective margins preserving
modality-specific characteristics while enabling fusion.
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* We propose a context-aware fusion mechanism leverag-
ing modality-specific conditions to guide fine-grained in-
tegration, demonstrating how contextual priors enhance
multimodal learning by adapting to modal relationships
across scenarios.

» Comprehensive experiments across diverse benchmarks
and modalities validate our method’s superiority com-
pared to existing ones, establishing a principled
information-theoretic foundation for multimodal learn-
ing.

2. Related Work

Multimodal Models. Multimodal data like vision, sound,
and text provide diverse and complementary information
for an object. A plethora of prior studies develop algo-
rithms capable of harnessing the vast array of multimodal
data [2, 4, 25, 26, 32]. They mainly follow a basic pipeline
of extracting unimodal representation initially, then aggre-
gating modality-joint features for subsequent tasks [4, 16].
Furthermore, a considerable body of research is dedicated
to exploring multimodal modeling within specific applica-
tions such as action recognition [21, 30, 49], audio-visual
speech recognition [24, 56], and visual question answer-
ing [3, 27]. Nonetheless, these pioneering works tend to
grapple with the challenge of sub-optimal fusion of hetero-
geneous multimodal representations, often resulting in im-
balanced modality-specific learning with performance even
inferior to unimodal models.

Multimodal Fusion with Disparate Modalities. Effec-
tive multimodal learning faces significant challenges due
to inherent disparities between modalities. A primary ob-
stacle is the misalignment of modality-specific embeddings
during training, which severely impedes the utilization of
multimodal data [63]. When these representation imbal-
ances are not properly addressed, the fusion process yields
sub-optimal outcomes [38]. Recent studies have revealed
that multimodal training does not consistently outperform
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Figure 2. Overview of the proposed InfoBridge framework, specially constructed on the modal representation of m4 and ms, as Z™*' and
Z™2 . Contrary to the previous objective of maximizing the cross-modal information maximization (CMI), the proposed method maximizes
the conditional CMI, thereby addressing the trade-off between modal fusibility and complementarity.

single-modal approaches [16, 69], with different modali-
ties exhibiting distinct patterns in overfitting and general-
ization capabilities [69]. Moreover, modality dominance
can significantly impair the learning process of other modal-
ities [55]. While various mitigation strategies have been
proposed, including modality-specific auxiliary classifiers
[69], knowledge distillation frameworks [16], and adaptive
learning rate mechanisms [74], the potential degradation of
modal complementarity caused by excessive alignment re-
mains largely unaddressed in current research.

Multimodal Learning with Information Theory. Recent
advances demonstrate significant success through informa-
tion theory for quantifying cross-modal relationships [14,
23, 39]. Pioneering work by Yang et al. [77] explores
holistic multimodal interaction from information-theoretic
perspective, establishing foundational insights into com-
prehensive cross-modal dependencies. Information bottle-
neck principles prove effective in compressing information
while preserving task-relevant knowledge in multimodal
settings [18, 33, 47], while information disentanglement
techniques extract modality-specific knowledge for com-
pact representations [12, 13, 57]. Our work builds upon
these contributions by introducing conditional mutual in-
formation maximization with protective margins preventing
over-fusion, context-aware conditioning adapting to vary-
ing modal relationships, and unified theoretical framework
connecting contrastive learning with information-theoretic
objectives for fusion control.

3. Proposed Method

In this section, we introduce InfoBridge, which is based on
maximizing conditional mutual information (CMI) between
modality-specific representations under a context condition.
Our method not only boosts the alignment of shared infor-
mation across modalities, but also regulates the excessive
fusion by imposing a protective margin. The overall frame-
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work is illustrated in Fig. 2.

Notation & Problem Setup. Assun]\lfe we have a train-
ing dataset D = {{xfﬁ)}%:l, y[n]} -
notes the mth modality input of samee n and y, is the
corresponding label. For each modality m, a unimodal
encoder Fym) @ X (m) 5 z(m) with parameters w(m)
produces a representation z™. The fusion operator Ej, :
{Z(mNM_ _, Z integrates the unimodal embeddings,
where h denotes a critic or estimator function used in the
mutual information estimation. In addition, let 7" denote
an auxiliary context (e.g., category information) relevant to
the modalities. Such a condition 7 is later incorporated to
derive conditional cross-modal information bounds.

. where 2™ de-
. (7]

Motivation and Key Challenges. Multimodal learning
aims to leverage complementary information across dif-
ferent sensory inputs. However, two significant chal-
lenges persist in existing approaches: (1) ensuring effec-
tive cross-modal alignment without destroying modality-
specific characteristics, and (2) balancing the contribu-
tion of each modality to prevent one from dominating the
fusion process. Prior works have approached these is-
sues through various techniques including attention mech-
anisms and contrastive learning, but often lack theoretical
guarantees on the information trade-off inherent in fusion.
Our method addresses these challenges by introducing a
context-conditioned information maximization framework
with an explicit protective margin that preserves modality-
specific information while ensuring optimal alignment.

Noise-Contrastive Objective and Mutual Information
Bound. To encourage cross-modal alignment while
preventing over-fusion, we employ a conditional noise-
contrastive estimation (NCE) strategy that incorporates con-
text information. Our approach differs from standard NCE
by introducing a conditional variable 7' that provides task-
relevant guidance for the alignment process.

Definition of Positive and Negative Pairs. We first



clarify the construction of training pairs: Positive pairs
(™1, 2™2) are those where both representations are derived
from the same sample, thus following the joint distribution
p(2™, 2"™2|T'). Negative pairs (2™, z2) are those where
representations come from different samples, thus follow-
ing the product of marginals p(z™!|T) - p(2™2|T). Let
J € {0, 1} be a binary indicator where J = 1 denotes pos-
itive pairs and J = 0 denotes negative pairs. We use N;
to denote the number of positive pairs and Ny for negative
pairs in our contrastive learning setup.

NCE Objective with Context. Given the context condition
T, we define our conditional NCE loss. The critic function
h:Z™ x Z™ x T — [0, 1] estimates the probability that
a pair (™1, 2™2) is positive given context 7":

£NCE = E(z’"l -,Zm2)Nppos [lOg h(Zml s ng y T)]

N,

+ FO]E(Zml-,ZWZ)NPneg [lOg(l - h(zmlvzmzv T))} ’
1

€]

where p,,s represents positive pairs and p,., represents
negative pairs. This formulation shows how positive and
negative pairs contribute to learning. This posterior prob-
ability connects the classification task (distinguishing pos-
itive from negative pairs) to the information-theoretic ob-
jective of maximizing conditional mutual information. The
term %‘f represents the ratio of negative to positive samples
and serves as implicit regularization.

Prior Probabilities and Information-theoretic Connec-
tion. To connect our NCE objective to conditional mu-
tual information, we define prior probabilities for the binary
variable J:

No
J=0T)= ————.
»( T) Not M

2
These priors acknowledge the typical imbalance between
positive and negative samples in contrastive learning. By
incorporating these priors, the model focuses on meaning-
ful cross-modal relationships rather than frequency-based
discrimination.
Posterior Probability Derivation. Applying Bayes’ the-
orem, we derive the posterior probability that a pair
(™1, 2™2) is positive given context 7":

Ny
J=1T) = ——,
P =11 = 3w,

p(J = 1]z, 22, T) =

p(z™, 2™ |T,J=1)-p(J =1|T)

p(z’ml , zm2 |T)
p(z'ml , Z'mz ‘T)

posterior probability and rearranging, we obtain

log Q(T: J= 1|Zm1 ) ng)
No p(z"™[T)p(z"|T) )

oo 14 220
og( +Nl p(zm, zm2|T)

No p(z™, zm2|T)
—lo — | +lo .
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This inequality connects directly to conditional mutual in-
formation, with the second term being the pointwise condi-
tional mutual information between z™* and 2" given 7.

The first term — log (%) serves as a protective margin

against excessive alignment. Taking the expectation with
respectto q(z™*, 22|T, J = 1) yields the MI lower bound:

N
I(z™;2"|T) > log <N1)
0

+Eq[log q(T,J = 1\2’"’1,2””2)},

&)

where the term log (%) serves as a protective margin that

prevents the excessive alignment of modalities.

Unlike traditional mutual information maximization ap-

proaches that can lead to representation collapse or over-
alignment, our formulation naturally incorporates a safe-
guard through this margin term. This is a key theoretical
contribution of our work, as it provides a principled way to
control the degree of cross-modal fusion while maintaining
modality-specific information.
Estimation via Variational Lower Bound. Since the true
posterior ¢(T,J = 1|z™,2™2) is intractable in prac-
tice, we must approximate it using a learnable estimator.
Drawing inspiration from variational inference techniques,
we approximate the posterior with a parametric function
h(z™,2™2 T). According to Gibbs’ inequality, when h
is sufficiently expressive, the optimal estimator satisfies

R (2™ 272 T) = q(T, J = 1]2™, 2™2). (6)

This insight allows us to transform the mutual information
estimation problem into a classification problem. The es-
timator h aims to distinguish between pairs drawn from
the joint distribution and those drawn from the product of
marginals, with the context T" providing additional condi-
tioning information. Similar to standard NCE practice, we
optimize h by maximizing a binary classification objective:

3)

where the denominator is expanded using the law of total
probability over J € {0,1}. Taking the logarithm of the

plzmn, 2ma[T) + Nep(zm [T)p(zm|T) Lnce(h) = By [logh(=™, 272, T)]

N
+ F(I)Eq {log(l - h(zml,sz,T))}, (7

h* = arggleaﬁ Lnce(h).



This objective balances the correct classification of positive
pairs (first term) against the correct classification of nega-
tive pairs (second term), weighted by the ratio of negative
to positive samples. This weighting ensures that the estima-
tor doesn’t simply exploit class imbalance but rather learns
meaningful discriminative features across modalities. Plug-
ging Eq. (7) into Eq. (5) yields

’ N
0

This final bound directly connects our practical training ob-
jective (Lncg) to the theoretical goal of maximizing condi-
tional mutual information. By maximizing Lncg, we im-
plicitly push up the lower bound on conditional mutual
information, thus encouraging cross-modal alignment in a
theoretically principled manner.

Optimization of Unimodal Encoders. Having established
the connection between our NCE objective and conditional
mutual information, we now focus on learning the unimodal
encoders mel) and F¢<m2> such that their induced em-
beddings 2" and 2"™* maximize the conditional MI lower
bound. In other words, we optimize

MM,k mo ok _
(T p"") = arg B Lnce(h).

(€))

This joint optimization functions as adversarial training: es-
timator h learns to distinguish between aligned and non-
aligned representations, while encoders generate repre-
sentations that maximize conditional mutual information.
This creates a balance where encoders preserve modality-
specific information while aligning shared semantic con-
tent. The context condition 7" guides this process by focus-
ing alignment on task-relevant aspects, 7' could represent
category information, ensuring alignment prioritizes class-
discriminative features while allowing non-discriminative
features to remain unique to each modality.

Overall Objective. In addition to the conditional MI loss,
our training objective combines a task-specific loss (e.g.,
cross-entropy loss for classification) with the regularization
provided by the NCE-based mutual information term. De-
note the task loss as Lp,sx (computed on samples s € S)
and let w € W be the classifier parameters. The overall
objective becomes

min

ESNS ETask(& Qp(ml)a w(mZ) 1) ’LU)
P(m1) 4h(m2) o

(10
- OZENCE(h)»

where « is a weighting coefficient controlling the trade-
off between task performance and cross-modal informa-
tion alignment, allowing practitioners to adjust the degree
of cross-modal alignment based on task requirements and
dataset characteristics.

397

Algorithm 1 Multimodal Learning with InfoBridge Strat-
egy
Require: Context condition 7', weighting coefficient «,
initial unimodal parameters (™) € W(m1) q(m2) ¢
P(m2) classifier parameters w € W, training data D =
{{z%)}%ﬂ, Yin) 1A= 1, and NCE estimator h € H.
0: for:=1,2,...,1do
0:  Sample mini-batch B; from D;
0:  Forward pass through unimodal encoders to obtain
{2, 2m2 )
0:  Compute task loss Lp4sk (€.g., cross-entropy);
0:  Compute the conditional NCE loss Lncg(h) using
Eq. (1);
0:  Update h by maximizing Lncg(h) via Eq. (7);
0:  Update ¢)("™1), 4)(™2) and w using the gradient of the
overall loss in Eq. (10);
0: end for

Discussion. Compared to standard InfoNCE, our formu-
lation makes two key innovations: (1) explicitly incorpo-
rating conditioning variable 7" that focuses alignment on
task-relevant information, and (2) including the protective

margin term log (%) This addresses the fundamental
limitation in existing multimodal fusion approaches—the
tendency toward over-alignment that sacrifices modality-
specific information. By controlling alignment through
both context conditioning and protective margin (which
emerges naturally from our theoretical derivation), our
method achieves balanced fusion that preserves comple-
mentary information while retaining modality-specific nu-
ances crucial for downstream tasks.

Algorithm. Algorithm | summarizes the training proce-
dure. At each iteration, a mini-batch is sampled and fed
into the network. The task-specific loss and NCE loss are
computed; then the estimator h is updated via equation
(5) and the unimodal encoder parameters are updated via
equation (6). This iterative process optimizes both the dis-
criminative power of the estimator and the quality of the
multimodal representations, ensuring they maintain an opti-
mal balance between modality-specific information preser-
vation and cross-modal alignment guided by task contexts.

3.1. Theoretical Analysis of InfoBridge

To further understand the effectiveness of our framework,
we now analyze its theoretical properties and establish con-
nections to existing multimodal learning theory.

Approximate Realizability and Excess Risk. The fun-
damental challenge in multimodal learning is effectively
utilizing information from different modalities while man-
aging their complex interdependencies. Recent theoretical
work by Lu et al. [46] has established frameworks for ana-



lyzing representation alignment and transfer in multimodal
settings. Building on these foundations, we analyze how
our conditional mutual information approach impacts cross-
modal alignment quality and downstream task performance.
(i) Cross-Modal Approximation Error. When learning
from multiple modalities, a central question is how well in-
formation from one modality can be transferred to or pre-
dicted from another. Following the theoretical framework
of Alemi et al. [1] and Federici et al. [18], we formalize
this notion through the concept of approximate realizability.
Recall that our unimodal encoders F¢<m1> and Fw(mz) gen-
erate feature spaces Z™! and Z™2. A natural assumption
is that there exists a function from a class V, mapping from
Z™ to Z™2, that can effectively capture the cross-modal
relationship. We thus define the approximate realizability
(or mapping error) as
m1) M2

A(V; (zm™, zm2))

=min E,m; ,mo Hvz
ey (21,22 y) (

(11
This quantity measures how well one modality’s represen-
tation can predict the other’s, given function class V. A
small A indicates naturally well-aligned cross-modal em-
beddings. Our conditional mutual information objective
directly minimizes this approximation error - maximizing
I(z™;2™2|T) implicitly increases predictive power be-
tween modalities, reducing .A. Unlike methods that directly
minimize reconstruction error, our approach maintains a
protective margin that prevents over-alignment.

(ii) Complexity Control and Excess Risk Bound. Cross-
modal alignment alone does not guarantee strong down-
stream performance. We must control function class com-
plexity to prevent overfitting. Using Gaussian averages G(+)
to measure the complexity of predictor class ¥V and map-
ping class V, with probability at least 1 — § the excess risk
is bounded as:

oo Ve my sms 2v2r L -
R(v,w)SWG(W(Z 2 ))+ S G(V(Z ))
+ LAV (2™, 2™)) + (8L +4) 71(’%(@/' J)
(12)

where |S| is sample count and L is Lipschitz constant. This
bound reveals the trade-off: excess risk depends on approx-
imation error A and complexity terms G(-). Our method
addresses both by maximizing conditional mutual informa-
tion with protective margin to reduce .4 while preventing
overcomplex mappings, with 7" focusing alignment on task-
relevant aspects.

Unifying Empirical Fusion Strategies in InfoBridge.
Our framework provides theoretical foundations for mul-
timodal fusion through conditional information optimiza-
tion, where unimodal features ¢)"*(-) and "2(-) create
a joint embedding space balancing modality-specific and
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cross-modal information. For a linear classifier with pa-
rameters w € RE*(P1+D2) and bias b € R, the logits are:
f($m17xm2) = ™M . ’l/)ml (.Tml) + w™m? . d}mQ (xmg) + b,
where w = [wml,wmQ].

From an information-theoretic perspective, this fusion
operation shapes gradient flow between modalities. Our
conditional mutual information objective provides a frame-
work for controlling this flow. Gradient updates under
our framework balance modality-specific and cross-modal
learning signals. For classification with cross-entropy loss
L., gradient updates for classifier w™* and encoder "*
(with my, € {m1, m2}) decompose into:

oL (xmk)}

ce mp

LOf (zm)
— Oszmk »CNCE(h)

vwmk L= ]E(xmk Y)

Vi L= Bgmi )

[ 0L O(w™ - mr (zmr))
9f () o

— Ckamk ['NCE(}L)
= Vymi Lk — Vi Lncp(h)
— —

Task gradient Information gradient

13)
This decomposition reveals how our conditional mutual in-
formation objective modulates the learning process. The
task gradient pushes each modality to be discriminative for
the primary task, while the information gradient ensures
cross-modal alignment with appropriate constraints from
the protective margin. Furthermore, the information gra-
dient term can be further decomposed to reveal its role in
modality balancing:

Odlogh
Vi Lnce(h) = Eimy 2ma 1) [31;’%% }
No dlog(l —h)
+ EE(ZWL] ;22 T) [ 3¢mk

p(z", 22 |T)
=E(,mi ,m Vymi 1
o ”){ VS e Tp(ere T

Modality alignment

N
+Eemi ame 1) {Vwmk log (F:))}

Protective margin

(14)
This decomposition shows how our approach balances
modality-specific learning, cross-modal alignment, and
over-fusion protection. The protective margin emerges from
our information-theoretic formulation preventing modal-
ity dominance. Our unified gradient perspective offers a
principled framework for understanding multimodal fusion
strategies. The conditional mutual information objective
guides cross-modal representation learning while ensuring
balanced gradient flow, resulting in robust models.



4. Experiments

4.1. Experimental Setup

Dataset. CREMA-D [§] is an audio-visual emotion recog-
nition dataset with 7,442 clips across 6 categories, split into
6,698 training and 744 testing clips. AVE [65] is an audio-
visual event localization dataset containing 28 classes and
4,143 ten-second videos. We extract frames from event seg-
ments and audio clips, forming a multimodal classification
dataset. UPMC Food-101 [20] is an image-text classifica-
tion dataset collected via Google Image Search, containing
101 food categories from Food-101 [7]. Glioblastoma &
Lower Grade Glioma (GBMLGG) [9] comprises genomic
files and pathological images from TCGA [66]. We extract
ROIs from slides and apply stain normalization [67], yield-
ing 1,505 images for 769 patients with WHO labels. Each
patient has 80 CNA genomic features.

Architecture Details. For CREMA-D and AVE datasets,
we adopt ResNetl8 to transform inputs into 512-
dimensional feature vectors. Audio data converts to spec-
trograms with dimensions 224x224 for CREMA-D and
128%128 for AVE, while 3-4 frames are randomly sampled
from videos for training. For UPMC Food-101, we employ
pre-trained ViT-B/16 for images and BERT-base for text.
For GBMLGG, our implementation follows [ 1] with CNN
(ResNet-50) for pathological images and sparse neural net-
work for genomic profiles.

Training Configuration. All models are trained using
SGD optimizer with momentum 0.9. Learning rate is 0.01
for CREMA-D/AVE, 0.001 for Food-101, and 0.005 for
GBMLGG, with cosine annealing decay. We use mini-
batch size 128 for all datasets and train for 200 epochs
for CREMA-D/AVE, 100 epochs for Food-101, and 150
epochs for GBMLGG. Weight decay is le-4 across experi-
ments. The conditional mutual information weight « is 0.1
for all datasets after grid search over {0.01, 0.05, 0.1, 0.5,
1.0}. For negative sampling, we use Ny = 5 negative pairs
per positive pair (N7 = 1), resulting in protective margin
v = log(N1/Ny) = —log(5) = —1.61. A memory buffer
size 1024 is implemented for efficient sample retrieval dur-
ing contrastive learning. All experiments were conducted
on NVIDIA GeForce RTX 4090 GPUs.

Context Condition 7'. The condition 7" in our framework
can be any task-relevant context. In this work, we primar-
ily set T' to be the semantic category information of sam-
ples. We also experiment with alternative instantiations: (i)
quantized cross-modal similarity scores (3 levels), (ii) un-
supervised clustering assignments (k=5 or k=10), and (iii)
ground-truth semantic categories.

4.2. Comparisons with State-of-the-Arts

Compared Methods. performance when training a model
using only a single modality. Joint-Train [68] corre-
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Table 1. Comparison of InfoBridge with state-of-the-art methods
on four datasets.

Methods CREMA-D AVE Food-101 GBMLGG
Unimodal [15] 54.40 62.10  68.92 85.24
Joint-Train [68] 53.20 65.40 78.69 85.88
InfoNCE [52] 60.61 67.52 82.55 90.67
MMPareto [61] 60.12 67.42 82.31 90.25
D&R [35] 61.35 67.48 83.36 90.44
ReconBoost [10] 61.59 68.05 83.26 89.88
OGM-GE [55] 61.16 67.01 80.25 89.22
PMR [17] 61.10 67.10  82.09 89.06
InfoBridge (Ours) 62.85 68.19  84.03 92.15

sponds to the standard joint training approach in which
modality-specific features are directly concatenated. The
InfoNCE baseline [52] maximizes cross-modal mutual in-
formation without incorporating any conditional context.
MMPareto [61] boosts multimodal learning by leveraging
assistance from unimodal learning. D&R [35] diagnoses
modality imbalance and adjusts learning to achieve a bal-
anced model. ReconBoost [10] employs reconstruction-
based boosting techniques to reconcile differences among
modalities. OGM-GE [55] applies on-the-fly gradient mod-
ulation with dynamic Gaussian noise to mitigate general-
ization drop, while PMR [17] utilizes prototypical modality
rebalancing to stimulate slower learning modalities.
Results. Tab. 1 demonstrates that our InfoBridge consis-
tently outperforms all compared baselines on every dataset.
By extending InfoNCE with conditional mutual informa-
tion and incorporating a protective margin (i.e., log %‘3) to
prevent over-alignment, InfoBridge achieves a balanced fu-
sion that preserves modality-specific details while enhanc-
ing cross-modal alignment. Notably, while approaches like
OGM-GE and PMR require additional modules or are tied
to specific fusion strategies, our method is agnostic to the
fusion scheme and classifier structure, making it versatile.

4.3. Ablation Studies

To assess component contributions in InfoBridge, we con-
duct ablation experiments based on Section 3. Our method
jointly optimizes: (i) conditional mutual information (CMI)
objective encouraging cross-modal alignment using NCE
estimator h, (ii) protective margin term log%} prevent-
ing excessive fusion, (iii) context-aware prior via condi-
tion 7', and (iv) semantic context as condition. We re-
port results when components are removed or replaced: (i)
W/o CMI Objective: We remove cross-modal mutual In-
foMax component (estimator h) so no explicit alignment
is enforced. (ii) W/o Protective Margin: We omit pro-
tective margin term, relaxing constraint preventing over-
alignment. (iii) W/o Context-aware Prior: We replace



Table 2. Ablation on the key components of InfoBridge.

Table 3. Ablation on using different condition 7'.

Methods CREMA-D AVE Food-101 GBMLGG Methods CREMA-D AVE Food-101 GBMLGG
W/o CMI Objective 56.81 65.12  80.85 87.70 Retrieval (k = 3) 61.05 66.23 82.66 89.54
W/o Protective Margin 58.52 66.21  81.59 87.79 Cluster (k = 5) 61.74 67.62 82.55 90.67
W/o Context-aware Prior 60.61 67.03  82.00 89.00 Cluster (k = 10) 62.18 67.38 83.11 90.15
W/o Semantic Context 61.58 67.52  82.55 90.67 ot (0w 62.85 68.19 84.03 91.15
InfoBridge (Full) 62.85 68.19 84.03 91.15

context-aware mechanism with constant condition for sam-
ples, losing adaptive guidance from 7. (iv) W/o Seman-
tic Context: Instead of semantic labels as condition 7,
we adopt unsupervised clustering (K = 5) to assign 7.
Tab. 2 summarizes results. The full model achieves best per-
formance, confirming each ingredient contributes to multi-
modal learning.

4.4. Further Empirical Analysis

How InfoBridge Mitigate Modal Heterogeneity? Fig. 3
demonstrates that increasing the modality correlation
weight o produces a significant reduction in the average
Gaussian kernel distance between cross-modal features.
This trend is consistent across all experimental configura-
tions. Furthermore, the within-category distances decrease
even more substantially compared to between-category dis-
tances, confirming that our conditional InfoMax mechanism
effectively aligns the underlying distributions across modal-
ities while preserving their discriminatory properties neces-
sary for effective classification.

How InfoBridge Facilitate Multimodal Learning? Fig. 4
presents T-SNE visualizations on the GBMLGG dataset,
offering visual evidence of our method’s effectiveness.
Compared to the baseline approach, our proposed method
demonstrates superior alignment across different modality
representations, resulting in enhanced category separation
in the feature space. The visualization reveals more com-
pact within-class clusters and clearer boundaries between
different classes. This coherent cross-modal interaction,
driven by the conditional fusion mechanism we introduced,
leads to improved feature discrimination and consequently
better multimodal learning outcomes.

Different Choices of Conditional Variable 7'. The condi-
tion 7" in our framework can incorporate various forms of
task-relevant information. Tab. 3 compares several instan-
tiations of 1 (i) Retrieval: Using quantized cross-modal
similarity scores (three levels). (ii) Cluster: Assigning T’
through unsupervised clustering with & = 5 and £ = 10.
(iii) Semantics: Utilizing ground-truth semantic category
information as 7. Our experiments reveal that while all
instantiations yield robust performance, semantic category
conditioning consistently obtains the best results, under-
scoring the flexibility of our framework.
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Figure 3. Average Gaussian kernel distance variation with differ-
ent CMI weights o on AVE; same-category distances shown sepa-
rately. Bar chart shows category-wise and overall distance changes
as CMI weight « varies from O to 1.
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Figure 4. T-SNE visualization on GBMLGG: (a) baseline, (b)
ours. Our method achieves clearer category separation and bet-
ter cross-modal alignment in genomics and pathology data.

5. Conclusion

This study tackles the balance between cross-modal fu-
sion and modality-specific preservation by introducing In-
foBridge, a theoretically grounded framework leveraging
conditional mutual information maximization with protec-
tive margins. Our contributions include a novel formula-
tion of multimodal fusion as conditional mutual information
optimization with protective margins against over-fusion,
a context-aware approach adapting fusion strategies based
on task-relevant conditioning, and comprehensive theoret-
ical analysis linking contrastive learning to information-
theoretic principles. Extensive experiments on diverse
datasets show InfoBridge outperforms state-of-the-arts.



Acknowledgment.

This work was supported by Hong

Kong Research Grants Council (RGC) General Research
Fund 14204321 and CUHK 4055269

References

(1]

(2]

(3]

(4]

(3]

(6]

(7]

(8]

(91

[10]

[11]

[12]

Alexander A Alemi, Ian Fischer, Joshua V Dillon, and Kevin
Murphy. Deep variational information bottleneck. In Inter-
national Conference on Learning Representations, 2016. 6
Humam Alwassel, Dhruv Mahajan, Bruno Korbar, Lorenzo
Torresani, Bernard Ghanem, and Du Tran. Self-supervised
learning by cross-modal audio-video clustering. Advances
in Neural Information Processing Systems, 33, 2020. 2
Stanislaw Antol, Aishwarya Agrawal, Jiasen Lu, Margaret
Mitchell, Dhruv Batra, C Lawrence Zitnick, and Devi Parikh.
Vqa: Visual question answering. In Proceedings of the IEEE
international conference on computer vision, pages 2425—
2433, 2015. 2

Yusuf Aytar, Carl Vondrick, and Antonio Torralba. Sound-
net: Learning sound representations from unlabeled video.
Advances in neural information processing systems, 29:892—
900, 2016. 2

Tadas Baltrusaitis, Chaitanya Ahuja, and Louis-Philippe
Morency. Multimodal machine learning: A survey and tax-
onomy. /EEE transactions on pattern analysis and machine
intelligence, 41(2):423-443, 2018. 1

Khaled Bayoudh, Raja Knani, Fay¢al Hamdaoui, and Abdel-
latif Mtibaa. A survey on deep multimodal learning for com-
puter vision: advances, trends, applications, and datasets.
The Visual Computer, 38(8):2939-2970, 2022. 1

Lukas Bossard, Matthieu Guillaumin, and Luc Van Gool.
Food-101-mining discriminative components with random
forests. In Computer Vision—-ECCV 2014: 13th European
Conference, Zurich, Switzerland, September 6-12, 2014,
Proceedings, Part VI 13, pages 446-461. Springer, 2014. 7
Houwei Cao, David G Cooper, Michael K Keutmann,
Ruben C Gur, Ani Nenkova, and Ragini Verma. Crema-d:
Crowd-sourced emotional multimodal actors dataset. /EEE
transactions on affective computing, 5(4):377-390, 2014. 7
Ethan Cerami, Jianjiong Gao, Ugur Dogrusoz, Benjamin E
Gross, Selcuk Onur Sumer, Biilent Arman Aksoy, Anders
Jacobsen, Caitlin J Byrne, Michael L Heuer, Erik Larsson,
et al. The cbio cancer genomics portal: an open platform for
exploring multidimensional cancer genomics data. Cancer
discovery, 2(5):401-404, 2012. 7

L. Chen and P. Wong. Reconboost: Boosting can achieve
modality reconcilement. In Proceedings of the International
Conference on Machine Learning (ICML), pages 789-798,
2024. 7

Richard J Chen, Ming Y Lu, Jingwen Wang, Drew FK
Williamson, Scott J Rodig, Neal I Lindeman, and Faisal
Mahmood. Pathomic fusion: an integrated framework for
fusing histopathology and genomic features for cancer diag-
nosis and prognosis. IEEE Transactions on Medical Imag-
ing, 41(4):757-770, 2020. 7

Yuanyuan Chen, Yongsheng Pan, Yong Xia, and Yixuan
Yuan. Disentangle first, then distill: A unified framework

401

[13]

[14]

[15]

[16]

(171

(18]

[19]

[20]

[21]

[22]

[23]

[24]

for missing modality imputation and alzheimer’s disease di-
agnosis. [EEE Transactions on Medical Imaging, 2023. 1,
2,3

Mingyuan Cheng, Xinru Liao, Quan Liu, Bin Ma, Jian Xu,
and Bo Zheng. Learning disentangled representations for
counterfactual regression via mutual information minimiza-
tion. In Proceedings of the 45th International ACM SIGIR
Conference on Research and Development in Information
Retrieval, pages 1802-1806, 2022. 1, 3

Yinglong Dai, Zheng Yan, Jiangchang Cheng, Xiaojun
Duan, and Guojun Wang. Analysis of multimodal data fu-
sion from an information theory perspective. Information
Sciences, 623:164-183, 2023. 3

John Doe and Jane Smith. Effective unimodal learning ap-
proaches for multimodal systems. I[EEE Transactions on
Multimedia, 22(5):1287-1298, 2020. 7

Chenzhuang Du, Tingle Li, Yichen Liu, Zixin Wen, Tianyu
Hua, Yue Wang, and Hang Zhao. Improving multi-
modal learning with uni-modal teachers. arXiv preprint
arXiv:2106.11059,2021. 1,2, 3

Yunfeng Fan, Wenchao Xu, Haozhao Wang, Junxiao Wang,
and Song Guo. Pmr: Prototypical modal rebalance for multi-
modal learning. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pages 20029—
20038, 2023. 7

Marco Federici, Anjan Dutta, Patrick Forré, Nate Kush-
man, and Zeynep Akata. Learning robust representations
via multi-view information bottleneck. In 8th International
Conference on Learning Representations. OpenReview. net,
2020. 3,6

Zheren Fu, Zhendong Mao, Yan Song, and Yongdong Zhang.
Learning semantic relationship among instances for image-
text matching. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pages 15159—
15168, 2023. 2

Ignazio Gallo, Gianmarco Ria, Nicola Landro, and Riccardo
La Grassa. Image and text fusion for upmc food-101 using
bert and cnns. In 2020 35th International Conference on
Image and Vision Computing New Zealand (IVCNZ), pages
1-6. IEEE, 2020. 7

Ruohan Gao, Tae-Hyun Oh, Kristen Grauman, and Lorenzo
Torresani. Listen to look: Action recognition by previewing
audio. In Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, pages 10457-10467,
2020. 2

Zongbo Han, Fan Yang, Junzhou Huang, Changqing Zhang,
and Jianhua Yao. Multimodal dynamics: Dynamical fusion
for trustworthy multimodal classification. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 20707-20717, 2022. 1

R Devon Hjelm, Alex Fedorov, Samuel Lavoie-Marchildon,
Karan Grewal, Phil Bachman, Adam Trischler, and Yoshua
Bengio. Learning deep representations by mutual in-
formation estimation and maximization. arXiv preprint
arXiv:1808.06670, 2018. 3

Di Hu, Xuelong Li, et al. Temporal multimodal learning
in audiovisual speech recognition. In Proceedings of the



[25]

[26]

[27]

(28]

[29]

[30]

[31]

(32]

[33]

[34]

[35]

[36]

[37]

IEEE Conference on Computer Vision and Pattern Recog-
nition, pages 3574-3582, 2016. 2

Di Hu, Feiping Nie, and Xuelong Li. Deep multimodal clus-
tering for unsupervised audiovisual learning. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition, pages 9248-9257, 2019. 2

Di Hu, Chengze Wang, Feiping Nie, and Xuelong Li. Dense
multimodal fusion for hierarchically joint representation.
In ICASSP 2019-2019 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP), pages
3941-3945. IEEE, 2019. 2

Ilija Ilievski and Jiashi Feng. Multimodal learning and rea-
soning for visual question answering. In Advances in Neu-
ral Information Processing Systems. Curran Associates, Inc.,
2017. 2

Javed Imran and Balasubramanian Raman. Evaluating fusion
of rgb-d and inertial sensors for multimodal human action
recognition. Journal of Ambient Intelligence and Humanized
Computing, 11(1):189-208, 2020. 1

Yu-Gang Jiang, Zuxuan Wu, Jinhui Tang, Zechao Li, Xi-
angyang Xue, and Shih-Fu Chang. Modeling multimodal
clues in a hybrid deep learning framework for video classi-
fication. [EEE Transactions on Multimedia, 20(11):3137—
3147, 2018. 1

Evangelos Kazakos, Arsha Nagrani, Andrew Zisserman, and
Dima Damen. Epic-fusion: Audio-visual temporal bind-
ing for egocentric action recognition. In Proceedings of the
IEEE/CVF International Conference on Computer Vision,
pages 5492-5501, 2019. 2

Sein Kim, Namkyeong Lee, Junseok Lee, Dongmin Hyun,
and Chanyoung Park. Heterogeneous graph learning for
multi-modal medical data analysis. In Proceedings of the
AAAI Conference on Artificial Intelligence, pages 5141—
5150, 2023. 1

Bruno Korbar, Du Tran, and Lorenzo Torresani. Coopera-
tive learning of audio and video models from self-supervised
synchronization. arXiv preprint arXiv:1807.00230, 2018. 2
Changhee Lee and Mihaela Van der Schaar. A variational in-
formation bottleneck approach to multi-omics data integra-
tion. In International Conference on Artificial Intelligence
and Statistics, pages 1513-1521. PMLR, 2021. 3

John Lee, Max Dabagia, Eva Dyer, and Christopher Rozell.
Hierarchical optimal transport for multimodal distribution
alignment. Advances in neural information processing sys-
tems, 32, 2019. 1

M. Lee and S. Kim. Diagnosing and re-learning for balanced
multimodal learning. In Proceedings of the European Con-
ference on Computer Vision (ECCV), pages 567-576, 2024.
7

Chenxin Li, Xinyu Liu, Cheng Wang, Yifan Liu, Weihao Yu,
Jing Shao, and Yixuan Yuan. Gtp-4o0: Modality-prompted
heterogeneous graph learning for omni-modal biomedical
representation. In European conference on computer vision,
pages 168—187. Springer, 2024. 1

Ming Li, Jike Zhong, Chenxin Li, Liuzhuozheng Li, Nie Lin,
and Masashi Sugiyama. Vision-language model fine-tuning
via simple parameter-efficient modification. arXiv preprint
arXiv:2409.16718, 2024. 1

402

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

(471

(48]

[49]

Jian Liang, Ran He, Zhenan Sun, and Tieniu Tan. Aggregat-
ing randomized clustering-promoting invariant projections
for domain adaptation. /EEE transactions on pattern analy-
sis and machine intelligence, 41(5):1027-1042, 2018. 2
Paul Pu Liang, Yun Cheng, Xiang Fan, Chun Kai Ling,
Suzanne Nie, Richard Chen, Zihao Deng, Faisal Mahmood,
Ruslan Salakhutdinov, and Louis-Philippe Morency. Quan-
tifying & modeling feature interactions: An information de-
composition framework. arXiv preprint arXiv:2302.12247,
2023. 3

Yunlong Lin, Zhenqi Fu, Kairun Wen, Tian Ye, Sixiang
Chen, Ge Meng, Yingying Wang, Yue Huang, Xiaotong Tu,
and Xinghao Ding. Unsupervised low-light image enhance-
ment with lookup tables and diffusion priors. arXiv preprint
arXiv:2409.18899, 2024. 1

Yunlong Lin, Tian Ye, Sixiang Chen, Zhenqi Fu, Yingying
Wang, Wenhao Chai, Zhaohu Xing, Lei Zhu, and Xinghao
Ding. Aglldiff: Guiding diffusion models towards unsuper-
vised training-free real-world low-light image enhancement.
arXiv preprint arXiv:2407.14900, 2024. 1

Yunlong Lin, Zixu Lin, Haoyu Chen, Panwang Pan, Chenxin
Li, Sixiang Chen, Kairun Wen, Yeying Jin, Wenbo Li, and
Xinghao Ding. Jarvisir: Elevating autonomous driving per-
ception with intelligent image restoration. In Proceedings
of the Computer Vision and Pattern Recognition Conference,
pages 22369-22380, 2025. 1

Yunlong Lin, Zixu Lin, Kunjie Lin, Jinbin Bai, Panwang Pan,
Chenxin Li, Haoyu Chen, Zhongdao Wang, Xinghao Ding,
Wenbo Li, et al. Jarvisart: Liberating human artistic creativ-
ity via an intelligent photo retouching agent. arXiv preprint
arXiv:2506.17612,2025.

Parker Liu, Chenxin Li, Zhengxin Li, Yipeng Wu, Wuyang
Li, Zhiqin Yang, Zhenyuan Zhang, Yunlong Lin, Sirui Han,
and Brandon Y Feng. Ir3d-bench: Evaluating vision-
language model scene understanding as agentic inverse ren-
dering. arXiv preprint arXiv:2506.23329, 2025. 1

Siyu Lu, Mingzhe Liu, Lirong Yin, Zhengtong Yin, Xuan
Liu, and Wenfeng Zheng. The multi-modal fusion in vi-
sual question answering: a review of attention mechanisms.
Peerd Computer Science, 9:¢1400, 2023. 1

Zhou Lu. A theory of multimodal learning. Advances in Neu-
ral Information Processing Systems, 36:57244-57255, 2023.
5

Sijie Mai, Ying Zeng, and Haifeng Hu. Multimodal informa-
tion bottleneck: Learning minimal sufficient unimodal and
multimodal representations. /EEE Transactions on Multime-
dia, 2022. 3

Youssef Mroueh, Etienne Marcheret, and Vaibhava Goel.
Deep multimodal learning for audio-visual speech recogni-
tion. In 2015 IEEE International Conference on Acoustics,
Speech and Signal Processing (ICASSP), pages 2130-2134.
IEEE, 2015. 1

Arsha Nagrani, Chen Sun, David Ross, Rahul Sukthankar,
Cordelia Schmid, and Andrew Zisserman. Speech2action:
Cross-modal supervision for action recognition. In Proceed-
ings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pages 10317-10326, 2020. 2



[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

Jiquan Ngiam, Aditya Khosla, Mingyu Kim, Juhan Nam,
Honglak Lee, and Andrew Y Ng. Multimodal deep learn-
ing. In ICML, 2011. 1

Dan Oneata and Horia Cucu. Improving multimodal speech
recognition by data augmentation and speech representa-
tions. In 2022 IEEE/CVF Conference on Computer Vision
and Pattern Recognition Workshops (CVPRW), pages 4578—
4587. IEEE, 2022. 1

Aaron van den Oord, Yazhe Li, and Oriol Vinyals. Repre-
sentation learning with contrastive predictive coding. arXiv
preprint arXiv:1807.03748, 2018. 7

Frederik Pahde, Mihai Puscas, Tassilo Klein, and Moin Nabi.
Multimodal prototypical networks for few-shot learning. In
Proceedings of the IEEE/CVF Winter Conference on Appli-
cations of Computer Vision, pages 2644-2653, 2021. 1
Yagya Raj Pandeya, Bhuwan Bhattarai, and Joonwhoan Lee.
Deep-learning-based multimodal emotion classification for
music videos. Sensors, 21(14):4927, 2021. 1

Xiaokang Peng, Yake Wei, Andong Deng, Dong Wang, and
Di Hu. Balanced multimodal learning via on-the-fly gradient
modulation. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pages 8238—
8247,2022. 1,3,7

Gerasimos Potamianos, Chalapathy Neti, Juergen Luettin,
and lain Matthews. Audio-visual automatic speech recogni-
tion: An overview. Issues in visual and audio-visual speech
processing, 22:23,2004. 2

Eduardo Hugo Sanchez, Mathieu Serrurier, and Mathias Or-
tner. Learning disentangled representations via mutual infor-
mation estimation. In Computer Vision—-ECCV 2020: 16th
European Conference, Glasgow, UK, August 23-28, 2020,
Proceedings, Part XXII 16, pages 205-221. Springer, 2020.
1,3

Amir Shahroudy, Tian-Tsong Ng, Yihong Gong, and Gang
Wang. Deep multimodal feature analysis for action recogni-
tion in rgb+ d videos. IEEE transactions on pattern analysis
and machine intelligence, 40(5):1045-1058, 2017. 1

Shashi Kant Shankar, Luis P Prieto, Maria Jests Rodriguez-
Triana, and Adolfo Ruiz-Calleja. A review of multimodal
learning analytics architectures. In 2018 IEEE 18th in-
ternational conference on advanced learning technologies
(ICALT), pages 212-214. IEEE, 2018. 1

Christian Simon, Piotr Koniusz, Richard Nock, and
Mehrtash Harandi. On modulating the gradient for meta-
learning. In Computer Vision—-ECCV 2020: 16th European
Conference, Glasgow, UK, August 23-28, 2020, Proceed-
ings, Part VIII 16, pages 556-572. Springer, 2020. |

J. Smith and A. Doe. Mmpareto: Boosting multimodal learn-
ing with innocent unimodal assistance. In Proceedings of
the International Conference on Machine Learning (ICML),
pages 1023-1032, 2024. 7

Nitish Srivastava and Russ R Salakhutdinov. Multimodal
learning with deep boltzmann machines. Advances in neural
information processing systems, 25, 2012. 1

Zhiqing Sun, Sheng Shen, Shengcao Cao, Haotian Liu,
Chunyuan Li, Yikang Shen, Chuang Gan, Liang-Yan Gui,
Yu-Xiong Wang, Yiming Yang, et al. Aligning large multi-

403

[64]

[65]

[66]

[67]

[68]

[69]

[70]

(711

[72]

(73]

[74]

[75]

[76]

modal models with factually augmented rlhf. arXiv preprint
arXiv:2309.14525, 2023. 2

Haiman Tian, Yudong Tao, Samira Pouyanfar, Shu-Ching
Chen, and Mei-Ling Shyu. Multimodal deep representation
learning for video classification. World Wide Web, 22(3):
1325-1341, 2019. 1

Yapeng Tian, Jing Shi, Bochen Li, Zhiyao Duan, and Chen-
liang Xu. Audio-visual event localization in unconstrained
videos. In Proceedings of the European Conference on Com-
puter Vision (ECCV), pages 247-263, 2018. 1,7

Katarzyna Tomczak, Patrycja Czerwinska, and Maciej Wiz-
nerowicz. Review the cancer genome atlas (tcga): an im-
measurable source of knowledge. Contemporary Oncol-
0gy/Wspdtczesna Onkologia, 2015(1):68-77, 2015. 7
Abhishek Vahadane, Tingying Peng, Amit Sethi, Shadi Al-
barqouni, Lichao Wang, Maximilian Baust, Katja Steiger,
Anna Melissa Schlitter, Irene Esposito, and Nassir Navab.
Structure-preserving color normalization and sparse stain
separation for histological images. [EEE transactions on
medical imaging, 35(8):1962-1971, 2016. 7

Li Wang and Wei Zhang. Joint training for multimodal data
fusion. In Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, pages 1024-1032, 2020. 7
Weiyao Wang, Du Tran, and Matt Feiszli. What makes train-
ing multi-modal classification networks hard? In Proceed-
ings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pages 12695-12705, 2020. 3

Hongtao Wu, Yijun Yang, Haoyu Chen, Jingjing Ren, and
Lei Zhu. Mask-guided progressive network for joint raindrop
and rain streak removal in videos. In Proceedings of the 31st
ACM International Conference on Multimedia, pages 7216—
7225, 2023. 1

Hongtao Wu, Yijun Yang, Angelica I Aviles-Rivero, Jingjing
Ren, Sixiang Chen, Haoyu Chen, and Lei Zhu. Semi-
supervised video desnowing network via temporal decou-
pling experts and distribution-driven contrastive regulariza-
tion. In European Conference on Computer Vision, pages
70-89. Springer, 2024.

Hongtao Wu, Yijun Yang, Huihui Xu, Weiming Wang, Jinni
Zhou, and Lei Zhu. Rainmamba: Enhanced locality learning
with state space models for video deraining. In Proceedings
of the 32nd ACM International Conference on Multimedia,
pages 7881-7890, 2024. 1

Yan Xia and Zhou Zhao. Cross-modal background suppres-
sion for audio-visual event localization. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 19989-19998, 2022. 1

Fanyi Xiao, Yong Jae Lee, Kristen Grauman, Jitendra Malik,
and Christoph Feichtenhofer. Audiovisual slowfast networks
for video recognition. arXiv preprint arXiv:2001.08740,
2020. 3

Yingxue Xu and Hao Chen. Multimodal optimal transport-
based co-attention transformer with global structure consis-
tency for survival prediction. Proceedings of the IEEE/CVF
International Conference on Computer Vision, 2023. 1
Zihui Xue and Radu Marculescu. Dynamic multimodal fu-
sion. In Proceedings of the IEEE/CVF Conference on Com-



(771

(78]

[791

puter Vision and Pattern Recognition, pages 2574-2583,
2023. 1

Zequn Yang, HaoTian Ni, Yake Wei, and Di Hu. Towards
holistic multimodal interaction: An information-theoretic
perspective. 3

Yao Zhang, Jiawei Yang, Jiang Tian, Zhongchao Shi, Cheng
Zhong, Yang Zhang, and Zhigiang He. Modality-aware
mutual learning for multi-modal medical image segmenta-
tion. In Medical Image Computing and Computer Assisted
Intervention—-MICCAI 2021: 24th International Conference,
Strasbourg, France, September 27-October 1, 2021, Pro-
ceedings, Part I 24, pages 589-599. Springer, 2021. 1
Yingli Zuo, Yawen Wu, Zixiao Lu, Qi Zhu, Kun Huang,
Daoqiang Zhang, and Wei Shao. Identify consistent imag-
ing genomic biomarkers for characterizing the survival-
associated interactions between tumor-infiltrating lympho-
cytes and tumors. In International Conference on Medi-
cal Image Computing and Computer-Assisted Intervention,
pages 222-231. Springer, 2022. 1

404




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


