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Abstract—Despite significant advancements in multimodal learning (MML), it has been unexpectedly shown to underperform
compared to unimodal approaches in practice, largely due to the modality imbalance problem, ultimately affecting the overall
performance of the model. Naturally, most existing methods aim to rebalance optimization speeds across different modalities to avoid
performance degeneration caused by modality imbalance. However, in addition to task-oriented modality fusion, we experimentally find
that multimodal learning requires explicit modality alignment to stimulate weak modal capabilities so that they can be fully exploited,
which is ignored by existing works. Therefore, in this paper, we explore the impact of modality fusion and alignment on multimodal
learning from a unified perspective, and develops a dynamic strategy that jointly optimizes both, with particular emphasis on
addressing modality imbalance. Concretely, we initially design a soft alignment strategy to impose the positive intervention from the
prediction level by integrating modality fusion and alignment into a unified framework. We further extend this strategy to the
representation level and hybrid level, enabling compatibility with a wider range of architectures. Subsequently, we design a heuristic
strategy to dynamically integrate fusion and alignment. Furthermore, we develop a learning-based strategy using a bi-level optimization
framework and theoretically prove the convergence of the learning algorithm to ensure its reliability. These two dynamic integration
strategies are incorporated into a unified framework applicable to both supervised and semi-supervised scenarios, further enhancing
performance. We conduct a series of experiments to demonstrate the effectiveness of our method on diverse datasets. Extensive
experiments demonstrate that our method consistently outperforms state-of-the-art multimodal learning approaches, achieving
accuracy improvements of 1.30%, 2.69%, and 0.60% on representative bimodal benchmarks, namely KSounds, CREMA-D, and
Sarcasm, respectively, as well as gains of 1.35% and 0.65% on trimodal datasets, namely NVGesture and IEMOCAP.

Index Terms—Multimodal Learning, Multimodal Imbalance, Modality Fusion, Modality Alignment.

1 INTRODUCTION

N recent years, multimodal learning has experienced ex-
Iplosive growth with the rapid advancement of artificial
intelligence. A key challenge in multimodal learning lies
in effectively integrating and fully utilizing multimodal
information. With advancements in deep learning [1} 2],
the representation capacity of multimodal data has signif-
icantly improved, thereby enhancing the performance of
multimodal models. Thus, multimodal learning has become
a hot research topic with a wide range of real applications
including image caption [3], cross-modal retrieval [4] [5],
vision reasoning [6], action recognition [7], and so on.

By integrating information from multiple modalities,
multimodal learning is expected to outperform unimodal
models. Unfortunately, several recent studies [8, 9] have re-
vealed an interesting phenomenon, i.e., the performance of
the multimodal model is far from the upper bound or even
inferior to the unimodal in certain situations. Essentially,
the heterogeneity of multimodal data leads to significant
differences in the performance of different modalities, with
dominant modality being more fully utilized and perform-
ing better, while non-dominant modes are less effectively
utilized and perform worse [10]. Due to the presence of
dominant and non-dominant modalities, the joint training
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paradigm tends to favor the dominant modality while ne-
glecting the non-dominant modality, which in turn leads to
modality imbalance [8]. Therefore, the multimodal model
loses its inherent advantage of leveraging multimodal infor-
mation and may even underperform compared to unimodal
models [9}[11} 12} [13]]. This notorious phenomenon has been
observed across various multimodal task, including emo-
tion recognition [14], sentiment analysis [14], multimodal
recommendation [15] and multimodal retrieval [5, [16].
Several recent works [8, 9, [17, [18], [19] have been in-
troduced to balance the impact of dominant and non-
dominant modality during training. Early pioneering ap-
proaches attempt to modulate key factors in the optimiza-
tion process that influence the speed of single-modality
training, such as learning rate adjustment [20] and gradient
modulation [8) 9} 18} [19, 21]. These methods demonstrate
that suppressing the optimization of the dominant modality
can alleviate the modality imbalance problem to a certain
extent. Other representative methods [22| 23, 24} 25 26] have
explored an alternative approach by employing alternating
optimization paradigm instead of joint training, while en-
hancing interactions between different modalities to facil-
itate multimodal learning. The core idea of this approach
is that, within this optimization paradigm, the optimization
information from one modality is transferred to the training
process of another modality, enabling appropriate adjust-
ments to be made. Besides, several attempts [17, 27, 28],
try to introduce extra networks as an auxiliary module to
facilitate multimodal learning. By incorporating additional
information from external modules, such as a teacher model,
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Fig. 1. lllustration of vanilla MML, HA-based MML, and SA-based MML. (a): the unimodal performance gap for different methods, where SA-based
MML achieves the smallest gap. (b), (c), (d): the change of performance gap during training process, showing that alignment-based methods
progressively mitigate modality imbalance. (e): the histogram of JS divergence for different methods, where SA-based MML yields the lowest
divergence. These results indicate that stronger modality alignment leads to a smaller performance gap and more balanced multimodal learning.

the multimodal training of these approaches becomes more
balanced.

Almost all aforementioned approaches are based on the
phenomenon of inconsistent learning speed itself and do
not study the underlying causes of modality imbalance. We
can’t help but ask what is the essential reason behind this
phenomenon? In vanilla multimodal fusion learning, the
prediction outcomes of different modalities are expected to
align with the ground truth. Ideally, this implies that the
predictions from different modalities are implicitly aligned.
We take vanilla MML approach with audio and video
modalities as an example. The symbols y, ¥ and y* are
used to denote the one-hot label, audio prediction and video
prediction, respectively. As the fused prediction f(y*,y")
converges toward the one-hot label y, the predictions from
different modalities are aligned implicitly. However, recent
studies [8, O] have revealed that different modalities con-
verge at varying rates, resulting in misaligned predictions
that ultimately degrade performance, i.e.,, modality im-
balance. A straightforward enhancement to vanilla MML
involves incorporating unimodal loss into the multimodal
learning framework, a technique widely adopted in studies
such as PMR [18] and MMPareto [29]. In this architecture,
unimodal predictions are explicitly required to align with the
labels, which consequently necessitates their alignment with
each other. This procedure can be formed as:

Hard Alignment: 3%,y ~y = y% e~ 3",

where “Hard” denotes that the ground-truth label is given
in the form of one-hot label. The accuracy in Figure [1] (a)
shows that hard alignment (HA)-based MML achieves bet-
ter performance compared to vanilla MMLD primarily at-
tributed to the incorporation of alignment within the fu-
sion process. Figure [1] (b) and (c) further reveals that the
introduction of hard alignment significantly enhances the
performance of weak modalities as training progresses.
Through experimental observations, we find that the
lack of explicit modality alignment is a key factor contribut-
ing to modality imbalance. That is, incorporating modality
alignment into task-oriented multimodal learning is essen-
tial to mitigate modality imbalance. It is precisely due to

1. We provide the implementation details in the appendix.

the explicit modality alignment that the imbalance caused
by fusion is effectively mitigated. Nevertheless, due to the
discrete nature of one-hot labels, hard alignment cannot
effectively constrain the prediction amplitude. To address
this issue, we propose introducing an unsupervised ap-
proach [30] to actively intervene in modality fusion. Con-
cretely, we design a soft alignment (SA)-based strategy to
impose positive intervention by integrating modality fusion
and alignment into a unified framework. The alignment is
implemented by using Jensen-Shannon (JS) divergence to
minimize the distributional discrepancy across unimodal
predictions. This procedure can be formed as:

Soft Alignment: 3, y" ~y = y* e~ y",

where y £ %(ya + 3¥). We further illustrate the training
details in Figure |1} where we utilize SA-based MML to
denote the method with fusion and alignment integration
strategy. We observe that the unimodal performance gap
aligns remarkably well with the degree of alignment in
terms of JS divergence. This implies that integrating fu-
sion and alignment from a unified perspective can effec-
tively balance the prediction capability of each modality,
thereby enhancing the model performance. To better incor-
porate alignment into modality fusion, we initially focus on
modality alignment and gradually incorporate task-oriented
modality fusion during training. Moreover, since prediction-
level alignment is not well-suited for some complex fusion
structures, we extend this concept to the representation level
and hybrid level. Then, we design a simple yet effective
heuristic strategy and a learning-based strategy based on
bi-level optimization to dynamically integrating fusion and
alignment, where the convergence of the optimization al-
gorithm under the learning-based strategy is theoretically
proved to ensure its reliability. This unified integration strat-
egy is applicable to both supervised and semi-supervised
multimodal learning scenarios. Accordingly, we design spe-
cific objective formulations tailored to these two settings.
Our contributions are listed as follows:

o We observed a striking consistency between modality
performance gap and alignment, which prompted us to
explore the phenomenon of modality imbalance from
the perspectives of modality fusion and alignment.



e Based on our observations, we propose a novel
prediction-level soft alignment strategy that integrates
modality fusion and alignment into a unified frame-
work, and further extend this concept to the represen-
tation level and hybrid level. Since the importance of
modality alignment varies during training, with early-
stage alignment reducing cross-modal discrepancy and
later-stage fusion improving task-oriented prediction,
we introduce a simple yet effective heuristic strategy
and a learning-based strategy to dynamically coordi-
nate modality alignment and modality fusion. The con-
vergence of the learning-based optimization algorithm
is theoretically proved to ensure its reliability.

o We conduct comprehensive experiments under both su-
pervised and semi-supervised scenarios. Experimental
results demonstrate that our method can outperform all
baselines to achieve SOTA performance.

The remainder of this paper is organized as follows. Sec-
tion 2 reviews related work on rebalanced multimodal
learning and modality alignment. Section 3 introduces
the proposed unified framework that integrates modal-
ity fusion and alignment, including prediction-level and
representation-level alignment strategies, as well as heuris-
tic and learning-based dynamic integration methods with
theoretical convergence analysis. Section 4 presents exten-
sive experimental results under both supervised and semi-
supervised settings. Finally, Section 5 concludes the paper
and discusses future research directions.

2 RELATED WORK
2.1 Rebalanced Multimodal Learning

Multimodal machine learning [1} 2] serves as a bridge,
enabling humans to perceive the world more comprehen-
sively and deeply. Given the heterogeneity of data, a key
challenge in multimodal machine learning is effectively
integrating information from diverse modalities. Based on
fusion strategy, multimodal learning can be categorized into
early fusion [8} 31], late fusion [32], and hybrid fusion [33].
By integrating information from multiple modalities, multi-
modal learning is expected to outperform unimodal models.

Unfortunately, recent works [8, [9] [18] [19] have high-
lighted that modality imbalance is a pervasive challenge, of-
ten resulting in suboptimal performance or even worse out-
comes compared to unimodal algorithms in certain cases.
Given the existence of dominant and non-dominant modali-
ties, early approaches [8, 9} [18] focus on adjusting the learn-
ing rates for different modalities through tailored strategies
to balance the optimization of both dominant and non-
dominant modalities. For example, G-Blend [8] minimizes
the overfitting-to-generalization ratio (OGR) using a gradi-
ent blending technique based on the overfitting behavior of
each modality. OGM [9] applies an on-the-fly gradient mod-
ulation strategy to control the optimization process of each
modality. PMR [18], on the other hand, introduces a pro-
totypical modality rebalance strategy to facilitate the learn-
ing of non-dominant modalities. Other approaches [17, 27]
have explored the use of auxiliary networks to address
modality imbalance. Specifically, UMT [17] employs teacher
networks to distill pretrained unimodal features into the
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multimodal network, helping to mitigate modality imbal-
ance. Balanced multimodal learning [27] defines conditional
learning speeds using the gradient norm and the norms
of model parameters, guiding the learning procedure to
ensure balance. While all of the above methods belong to
the joint training paradigm, more recent research has intro-
duced an alternative training paradigm [22} 23, 24]. Specif-
ically, [22] proposes an alternating training algorithm that
iteratively updates different modalities, promoting stronger
interactions through enhanced information transfer between
modalities. In parallel, [24] incorporates gradient boosting
to balance modality learning, leveraging cross-modal infor-
mation during the interactive training phase. These recent
methods mitigate the modality imbalance problem by fos-
tering enhanced interaction between modalities and ensur-
ing more balanced learning. Despite their empirical success,
existing rebalanced multimodal learning methods largely
share a common assumption: modality imbalance can be
alleviated by regulating optimization dynamics alone. As
a result, modality interactions are implicitly governed by
task loss, without explicitly enforcing semantic or represen-
tational alignment during fusion. This often allows domi-
nant modalities to dominate feature aggregation, limiting
the effective exploitation of complementary information.
In contrast, we study modality alignment as an important
component of fusion and propose a unified framework that
jointly integrates fusion and alignment to alleviate modality
imbalance from a complementary perspective.

2.2 Modality Alignment

Modality alignment has been a critical area of research in
multimodal learning, aiming to align features across dif-
ferent modalities (e.g., text, image, audio) to enable more
coherent and meaningful interactions. Based on the align-
ment strategy, methods can be categorized into prediction-
level [34] and representation-level [35] 36] alignment.

Prediction-level alignment targets aligning the predic-
tions from different modalities, minimizing cross-modal
differences and enhancing the extraction of intrinsic inter-
modal correspondences. For example, [34] uses Kull-
back-Leibler (KL) divergence to align the predictions of
different modalities by minimizing the discrepancy between
their predicted distributions, reducing inter-modal incon-
sistencies. Furthermore, related research for representation-
level alignment initially began with canonical correlation
analysis (CCA) [35], which aims to explore and quantify the
relationships between different modalities. As deep learning
gained prominence, deep learning techniques are employed
to uncover the underlying relationships among multiple
modalities. Deep canonical correlation analysis (DCCA) [36]
is an advanced extension of CCA that leverages deep neu-
ral networks to model complex, non-linear relationships
between two modalities. Furthermore, researchers began
to explore joint embedding spaces where features from
multiple modalities are aligned through embedding layers,
e.g., VILBERT [37]. Contrastive learning methods such as
CLIP [38] further revolutionized modality alignment.

3 METHODOLOGY
In this section, we present the proposed approach for ad-



TABLE 1
Advantages and limitations of representative rebalanced multimodal learning methods. Existing approaches alleviate modality imbalance mainly
by regulating optimization dynamics (e.g., gradient reweighting, auxiliary supervision, or alternating training). However, they typically lack explicit
cross-modal guidance to enhance the learning of non-dominant modalities.

Method Category Main Advantage

Main Limitation

Gradient reweighting
(G-Blend [8], OGM [9], PMR [18],

Explicitly regulates gradient contribu-
tions to stabilize optimization

Does not explicitly leverage cross-modal

guidance to facilitate learning of
non-dominant modalities.

AMSS [21])

Auxiliary network-based Provides additional supervision to en-
(UMT [17)) hance learning of weaker modalities
Alternating training Encourages balanced modality updates
(MLA [22], ReconBoost [24], through interactive optimization

DUS [25], AUG [26]))

dressing modality imbalance. As illustrated in Figure 2} our
approach comprises two key components: modality fusion
module and modality alignment module. The modality
fusion module is built upon a standard multimodal fusion
architecture, with details provided in Section And the
modality alignment module is implemented at both the
prediction level and the representation level, aiming to
enhance cross-modal consistency, as described in Section[3.2}
In addition, we introduce dynamic integration strategies to
balance the task-oriented fusion objective and the alignment
objective during training. We then elaborate the implemen-
tation of the proposed method in both supervised and un-
supervised multimodal learning, followed by a theoretical
analysis of the algorithm.

3.1 Modality Fusion

For the sake of simplicity, we leverage audio and video
modalities to illustrate our method. Please note that our
method can be easily adapted to cases with more than
two modalities. Suppose that we are given n data points,
each of which contains audio and video modalities. We
use X = {x; = (x%,x¥)}", to denote the multimodal
data point set, where x{ and x| respectively denote the
i-th data point of audio and video modalities. In practice,
the category labels of same points are available. We utilize
Y = {y:; | yi € {0,1}¢}2,, where c and m respectively
denote the number of category labels and the number of
data points with labels being available. If m = n, the
scenario corresponds to standard supervised learning; oth-
erwise, it falls under semi-supervised learning. Vy;; € y;,
yi; = 1 if x; belongs to j-th category, and y;; = 0 other-
wise. With the advancement of deep learning, multimodal
methods leveraging deep learning techniques have yielded
significant results. In this paper, we also adopt deep neural
network to perform multimodal feature learning following
the setting of [8} 10} 24].

We first extract unimodal features for each modality.
Concretely, we use ¢°(-) to denote the feature extraction
function, ie., encoder network, for a specific modality,
where o € {a,v}. The feature extraction process can be
formulated as:

z; = ¢°(x7; %), M

where z? € R? and ®° respectively denote d-dimensional
features and the parameters of the encoder network.

These unimodal representations are then fused for task
prediction. After extracting vectors for all modalities, we
apply a fusion function f(-) to combine the different feature
vectors. Then, we leverage a multi-layer network to map the
vector into R°. The fusion procedure can be formed as:

z; = f(2z§,2});

Here, g(+) denotes the classification network. Eq. @) defines
the task-oriented multimodal prediction process. Following
most existing methods [22], we adopt the concatenation
function as the fusion method and a one layer network
as classifier for illustration. Then, the objective function of
modality fusion can be formed as:

yi = softmax(g(z;)). 2

1
LFusion(D) = W Z é(y, Y)a (3)

where the form of £(-) depends on the specific task. This
objective function leverages supervision to guide model
learning and can be instantiated for specific tasks (e.g.,
classification).

3.2 Modality Alignment

The modality alignment process aims to build the con-
sistency across different modalities. We consider modality
alignment at both the prediction level and the representation
level. Generally speaking, distribution metrics, such as JS
divergence, are widely used tools for measuring differences
between distributions. As ]S divergence is a symmetrized
and smoothed version of KL divergence, we leverage the
distribution metric to measure the alignment of prediction
across modalities.

For prediction-level alignment, we encourage different
modalities to produce consistent predictive distributions.
Concretely, we define the logits of audio and video as: 3¢,
¥". We define the fusion function in Eq. (2) with concatena-
tion function and one layer classifier:

(2, 27) = CONCAT(z{,z}) = [2{,2]]. )

Then, we redefine the linear parameter W as: W £
[We W], W W" € R4, By applying a linear projection
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lllustration of traditional MML and alignment-enhanced MML with representation-level and prediction-level alignment. Traditional MML

performs modality-specific feature learning followed by multimodal fusion. The proposed framework further introduces modality alignment to enforce
cross-modal consistency, which is implemented at both the representation level and the prediction level during training.

to the fused features followed by a softmax function, the
prediction y° can be obtained:

- b
Vo € {a,v},h{ = W’z + 5
y° = softmax(h®).

©)
(6)

The JS divergence of y* and ¥ can be formed as:

sa v 1 ca |l S 1 SU | S
Lis(y*,y°) = §DKL(y | ¥)+ §DKL(y ly). (@

Here Dk (-) denotes the KL divergence. Eq. (7) penalizes
the discrepancy between unimodal predictions and thus
enforces cross-modal consistency at the prediction level.
We further impose representation-level alignment to im-
prove the consistency of unimodal feature representations.
At representation level, we utilize contrastive learning to
perform modality alignment. Specifically, the cosine simi-
larity between features z{ and z; can be formulated as:

(x¢,xt) = (4 7 ®)
SIX:, . X;) =
$5) = el T

where (-,-) denotes the inner product. The objective of
contrastive learning can be formed as:

exp(s(x, x7)/T

ney ) >
- 1 9
2y (ZZL on(stxpin) O
1 & )
~ge > s ). a0

i=1
where n, 7 denote the batch size and temperature, re-
spectively. Eq. pulls paired cross-modal representations
closer while pushing unmatched pairs apart, thereby im-
proving representation consistency across modalities.

Leu(X) =

exp(s(x¢,x?) /T

ke exp(s(xi, x7)/7)

Based on the above formulations, a unified alignment
objective is defined to accommodate different alignment
strategies:

Lys(y®,¥"), prediction-level alignment,
Lcn(X), representation-level alignment,
Lis(y*,¥") + Lcn(X), hybrid alignment,
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where Ljs and Lcy, are defined in Egs. (7) and (10), respec-
tively.
Discussion: During the process of modality alignment, is it
possible for the dominant modality to degrade? We observe
that the introduction of modality alignment did indeed
affect the performance of the strong modality in the initial
stages experimentally. However, the overall performance
improved in the later stages, indicating that, on the whole,
the impact of alignment is positive. Furthermore, we employ
a single-layer classifier to illustrate the details of modality
alignment, following existing methods. For more complex
architectures with additional layers, the alignment can be
achieved using a design incorporating unimodal losses.
Relevant details are provided in the appendix.

LAlign =

3.3

Thus far, we discuss the task-oriented modality fusion and
prediction- and representation-level alignment. In this sec-
tion, we design both heuristic and learning-based integra-
tion strategies to construct a unified objective function for
learning. Concretely, by integrating modality fusion and
alignment, the unified objective function can be obtained

by:

Integrating Fusion and Alignment

LTotal(D) - (1 - a)LFusion(D) + aLAlign(D)-

Here, a fixed coefficient « is used to integrate the fusion
and alignment objectives into a unified objective function.
However, such a formulation fails to dynamically balance
the contributions of the two objectives throughout training.
In essence, our goal is to treat modality alignment as a form
of regularization on feature learning in multimodal settings.

(12)



This constraint is expected to be stronger in the early stages
of training, and gradually diminish as the model shifts its
focus toward multimodal fusion. Therefore, « is expected to
take a relatively large value in the early training stage and
gradually decrease over time. This can be realized either
by heuristically defining @ as a function of the training
iterations, or by directly learning «. We present both the
heuristic and learning-based strategies in the following.
Heuristic Integration: Firstly, we present the heuristic
integration strategy. To ensure features are sufficiently
aligned before performing task-oriented fusion, we prior-
itize modality alignment by employing a monotonically
decreasing function of the number of iterations to deter-
mine the value of a. Concretely, we utilize a monotonically
decreasing function to obtain «; at ¢-th iteration:

1
ar =1—exp -7

Based on the above formulation, « is defined as an expo-
nentially decaying function of the training iteration. As ¢
increases, the value of o gradually decreases.
Learning-based Integration: Then, we further exploit a
learning-based integration method by utilizing bi-level op-
timization strategy [39]. Specifically, while considering op-
timizing the modality fusion loss Lpysion, We use the min-
imum value of the total loss Lty to restrict the feasible
region of the parameters ¢. In other words, the parameters
are optimized under the guidance of both task-oriented
fusion and cross-modal alignment, while « is learned to
determine how much alignment should be imposed at
different training stages. The corresponding optimization
problem is defined as follows:

(13)

min0§a§ 1 LFusion (9* (a))

subject to: ©* () € argming Lo (D™™),

(14)
where, O denotes the model parameters, and « is the
integration parameter that controls the relative importance
of modality fusion and modality alignment. Instead of
manually fixing this parameter, the learning-based strat-
egy updates a according to the optimization status of the
model, so that alignment is emphasized when modality
discrepancy is large and fusion becomes more important
when the modalities have been sulfficiently coordinated. The
optimal parameter set, O* (), thus represents a fine-tuned
balance that, for any chosen o, strategically minimizes this
composite loss. Within Eq. (T4), Lrusion is pivotal for guiding
classification accuracy, while Lajign enhances the model’s
ability to establish meaningful connections across different
modalities.

We utilize an approximation method proposed by [40] to
solve bi-level optimization problem efficiently. Specifi-
cally, the gradient of Lpysion(6(c@)) with respect to « at the
k-th iteration is approximated as follows:

%LFusion(aka éka Qk) =
—M(Oék,ekv (2)7 k )VOGFHSIOH(@kaCk)

where Ok = (Cka C[k] 7C(2)7 CP v@GFusmn(@kn Ck:) denotes
the stochastic vector obtained by accessing the stochastic
gradient oracle of LFuSion(ék), which is used to approxi-
mate VLFusion((:)k) with historically independent random

(15)

Algorithm 1: The proposed algorithm.

Input : Training set D.
Output: Learned parameters {©} of all models.
1 INIT initialize parameters ©, parameter a, maximum
iterations T, learning rate {n\" }x>0, {ne™ }x>o-
fork =1toT do
/* updating neural network parameters ©O. =/
for t = 1 to Inner_Iters do
Randomly construct a mini-batch D®<h)
Calculate total loss Lyt by forward phase.
Calculate gradient based on SGD.
Update parameters © according to its gradient:

N

N o G ke W

Ot41 = 6O — 77t VGGTotal(ak»@lm (1)).

8 end
/+ updating weighting parameters a. =/

9 Set @k = O.

10 Calculate loss Lty in P by forward phase.

11 Calculate the stochastic gradient approximation of
Lrusion according to Eq. .

12 Calculate a1 by:
,Pk(aj) £ %LFuSion(alm ék, Qk) - T+ — Ok 2,

2n2ut ‘l‘

ag41 = argmin Py ()
z€[0,1]

13 end

variable (. And the term M(ak, (:)k., C,?), C,g?’)) in Eq. (15) is
defined as follows:

M(almékv 122)7 123)) £
6oz@CTVTo’cal(Oékv @kv <]£2))H®® (aka é,<]i3)) ) (16)

where 6(1@ Grotal (g, @k, 122)) is formulated in a man-
ner similar to %@GFusion(ék'y Cr), and Heo (Ozk, é,clig))
is the stochastic hessian inverse approximation of
[VZ Ltotal (e, ©)] 71 Based on the approximation, we can use
the gradient descent method to optimize a.

3.4 Supervised and Semi-Supervised MML

The unified architecture in Eq. is adaptable to a variety
of application scenarios. Here, we first detail its adaptation
to supervised learning scenarios.

If the category label is available, we take the cross
entropy loss for classification loss as an example:

—y; log(§:).
This loss provides direct supervision for labeled multimodal

samples. For supervised multimodal learning, the modality
fusion objective can be formulated over the training set as:

1
Ltusion (D(SL) ) = Z(xl ,¥i)ED

—-ix

where, DY = {(x;,y;)}7,.

Modality alignment does not rely on category la-
bels, allowing the alignment loss Lalgn(-) to be com-
puted across the entire training set. Furthermore, as previ-
ously mentioned, we investigate prediction-level alignment,

LLabeled (Xi,¥3) =

(L) gLabeled (Xiv yz)a

(x4,y:)€DEL) yiT log(y:)),



representation-level alignment, and a hybrid alignment ap-
proach that incorporates both.

We then explore the unified integration of alignment
and fusion within semi-supervised scenarios. If the category
label is not available, we utilize the following loss function
for optimization following classic semi-supervised learning
approach [41]:

CUnlabeled (Xi) = —¥; log(¥:). 17)

Eq. encourages confident predictions on unlabeled
samples and serves as the unsupervised component of the
fusion objective.

For semi-supervised setting, labels are not available for
all data. The training set is defined as: DY) = DM (JDWV),
where D) = {(x;,y;)}"; and DV = {x,}77"! respec-
tively denote the labeled and unlabeled training set. Then,
the objective can be formed as:

1
Liabeled = Do) > (xe.3:)€DD Clabeled (X, ¥i),

1
LUnlabeled = W Zx,;ED(U) EUnlabeled(xi)a

LFusion(D(SSL)) = LLabeled + LUnlabeled~

Eq. combines the supervised and unsupervised terms,
allowing the fusion module to exploit both labeled and
unlabeled samples.

The alignment loss remains the same as in the supervised
scenario. Then, to perform model learning, we utilize an
alternating algorithm between model parameters © and o.
Specifically, our algorithmic process iteratively refines the
model parameters © and the parameter o, employing a
nested loop structure where the inner loop focuses on the
currently given a to minimize total loss to update O, and
the outer loop updates o by Eq. or bi-level policy to
minimize classification losses. This alternating procedure
enables the model parameters and the integration weight to
be optimized jointly. Through this structured optimization,
the model achieves a delicate balance between fusion and
alignment. The overall algorithm of our model is outlined
in Algo. (1, where D can be substituted by DD for su-
pervised setting or DU for semi-supervised setting, and
%@NGT(,tal(ak,Qk,Ct(l)) is formulated in a manner similar
to Vo Grusion(Ok, (1) Moreover, the complexity of bi-level
optimization [40] and our algorithm in Algo. [1| is O(n),
which makes our approach highly practical.

(18)

3.5 Theoretical Analysis

In this section, we present a theoretical analysis of the
convergence properties of the optimization algorithm un-
der the learning-based integration strategy. Under some
assumptions, we have the following convergence result for
Algo. |1} The detailed assumptions and formal theorem with
its proof are included in the appendix.

Theorem 3.1 (Informal). Under some assumptions for relevant
objective function and the stochastic adient, we first fix the

number of outer iterations in Algo. |1l as T and set ni* =

min{m, @ , Inner_Iters = T — 1 and n™* =

Total Total FTotal .
—Ll where L .. 2 DiC.&" + CQE); Log® CFuswn
2L sion VT Fusion HTotal B oeal e
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Let L%

Fusion
a* € [0,1] and ar = % If Lyusion is convex w.r.t
a € [0, 1], we have following convergence result for Algo.
E[LFUSiOn(G*(dT))] - L%usion <
1 A?
Lusi —a*?*+20.D; + ——|,
Fu51on|a0 « | + 1D1 + oL

Fusion

is the optimal solution corresponding with the

VT

where Cy, Dy and Ay are all constants that only dependent on the
problem parameters.

Note that 7" in the Theorem is a time-varying step size
and we fix the total number of iterations of the inner loop
to T' — 1. If we want to find an e-stationary solution (i.e.,
Ja € [0,1], such that E[Lpysion (0" ()] — Liusion < €) of
the problem by using Algo.1, both the outer loop and the
inner loop need to iterate at most O(e%) times according to
the theorem. Therefore, the total iteration complexity should
be at most O(Z). Note that the convergence rate O()
of the inner loop we use to estimate ©*(«) matches the
optimal convergence rate of SGD under the strong convex
smoothness assumption [42] and the overall convergence
rate O(%) of the Algo.1 matches the optimal convergence
rate of SGD under the general convex smoothness assump-
tion [43].

4 EXPERIMENTS
4.1 Experimental Setup

Dataset: We select seven widely used datasets, includ-
ing KSounds [44], CREMA-D [45], VGGSound [46], Sar-
casm [47], Twitter2015 [48]], NVGesture [27]], and IEMO-
CAP [49] datasets, to validate our method. KSounds,
CREMA-D and VGGSound datasets consist of both au-
dio and video modalities. And Sarcasm and Twit-
ter2015 datasets consist of both image and text modalities.
NVGesture and IEMOCAP datasets are used to construct
research that goes beyond the limitation of two modalities.
The NVGesture dataset consists of depth, RGB, and optical
flow (OF) modalities. IEMOCAP dataset consists of audio,
video, and text modalities. To ensure fair comparison, all
architectural choices and training hyperparameters follow
the original settings of the compared methods [8} 9} [18]. The
main architectural choices and training hyperparameters are
summarized in Table 2| For audio-video datasets, we adopt
ResNet18 backbones for both modalities. Models are trained
using SGD with momentum 0.9, weight decay 10~!, initial
learning rate 1072, and batch size 256. The learning rate is
decayed by a factor of 10 upon validation loss saturation.
Video inputs consist of three uniformly sampled frames
from ten-frame clips, and audio inputs are converted to
spectrograms of size 257 x 1004 (KSounds, VGGSound) or
257 x 299 (CREMA-D). For image—text datasets, we employ
ResNet50 for image encoding and BERT for text encoding,
with images resized to 224 x 224 and text sequences trun-
cated to 128 tokens. Optimization is performed using Adam
with learning rate 10~ and batch size 128.

We verify the effectiveness of our method under su-
pervised and semi-supervised. In the supervised scenario,
all training samples from the datasets, along with their
corresponding labels, are used for model training. In the



TABLE 2
Architectural choices and training hyperparameters.

Category Setting Value
Architecture Audio-Video (AV) ResNet18
Image-Text (IT) ResNet50, BERT
Optimizer SGD (AV), Adam (IT)
Initial learning rate 10~2 (AV), 104 (IT)
. Batch size 256 (AV), 128 (IT)
Training Weight decay 101
Learning rate schedule ~ x0.1 after validation
plateau
Video 3 frames
Input Audio spectrogram 257 x 1004
p or 257 x 299
Image 224 x 224
Text 128 tokens

semi-supervised scenario, a subset of the samples from the
VGGSound training set, along with their corresponding
labels, are used to construct DSV, while the remaining
samples are used to construct DY), Implementation details
are provided in the appendix.

Baselines: We select a wide range of baselines for com-
parison. These baselines can be divided into four groups,
ie., traditional supervised learning-based MML, rebal-
anced MML and semi-supervised learning-based MML.
The first group encompasses techniques like feature con-
catenation (CONCAT), affine transformation (Affine) [50],
channel-wise fusion (Channel) [33], multi-layer LSTM fu-
sion (ML-LSTM) [51], prediction summation (Sum), predic-
tion weighting (Weight) [52]], and enhanced trust modal
combination (ETMC) [53]. The second group includes
MSES [20], G-Blend [8], OGM [9], DOMEN [31], MSLR [32],
PMR [18], AGM [19], MLA [22], ReconBoost [24], SMV [54],
DI-MML [23], and MMPareto [29]. The third group contains
semi-supervised multimodal learning (SSMML) [41]], includ-
ing DSLR [55], SMDDRL [56], CorMulT [57], DUT [58].
Evaluation Metrics: Following [9], we use accuracy and
Mean Average Precision (MAP) as evaluation metrics for
audio-video datasets. For text-image datasets, we adopt
accuracy and Macro Fl-score (MacroF1) [47]. Accuracy mea-
sures the proportion of correct predictions to total predic-
tions, indicating the overall predictive accuracy. Macro F1
calculates the average of F1 scores across all categories, bal-
ancing precision and recall to evaluate performance evenly
across classes. MAP represents the average precision across
all categories.

4.2 Main Experimental Results

Comparison under Supervised Learning Scenario: We first
compare our method under supervised learning setting.
The results on audio-video datasets, i.e., KSounds, CREMA-
D and VGGSound datasets, and image-text datasets, i.e.,
Sarcasm and Twitter2015 datasets, are reported in Table In
Table 3} the best and second best performance are denoted
with bold and underlining, respectively. Furthermore, we
utilize symbol 1 to denote the results which are based on
MML but perform worse than the best unimodal approach.

According to the results in Table 3 we can draw the
following observations: (1). Compared with all baselines
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including traditional multimodal learning approaches and
fusion methods with modal rebalancing strategies, our
method with learning-based strategy can achieve best per-
formance by a large margin in almost all cases. We can also
find that the model with learning-based strategy can achieve
better performance than that with heuristic strategy. (2).
Across the Twitter2015 dataset, there is a discernible trend
where the optimal unimodal performance outstrips that of
multimodal joint learning. Additionally, in other datasets,
fusion methodologies devoid of rebalancing mechanisms
manifest negligible enhancements relative to the foremost
unimodal performance, notably on the CREMA-D and Sar-
casm datasets. This shortfall originates from the prevalent
challenge of modality imbalance. (3). Every modality re-
balancing technique demonstrates significant improvements
over traditional feature concatenation fusion. This finding
not only underscores the detrimental impact of modality
imbalance on performance but also corroborates the efficacy
of the modality rebalancing approach.

Furthermore, we report the results on NVGesture and

IEMOCAP dataset which contain three modalities in Table[d]
where some baselines including DOMEN [31] and OGM [9]
are ignored since they cannot be applied to the case with
three modalities, and the unimodal results are based on
RGB/OF/Depth and audio/video/text for NVGesture and
IEMOCAP datasets, respectively. We can see that differing
from modal rebalancing methods restricted to scenarios
with only two modalities, our approach with learning-
based strategy can address challenges in scenarios involving
more than two modalities and achieve the best results
on both NVGesture and IEMOCAP datasets. Furthermore,
our method with heuristic strategy can also outperform all
baselines in almost all cases.
Comparison under Semi-Supervised Learning Scenario:
We further provide the results under semi-supervised set-
ting by comparing our method with three groups of
baselines, i.e., traditional supervised learning-based MML
baselines, rebalanced multimodal baselines, and semi-
supervised multimodal learning baselines. Traditional su-
pervised learning-based MML baselines include Concat and
Sum approaches. For rebalanced multimodal learning, we
select OGM [9], MMPareto [29], SMV [54], MLA [22], Recon-
Boost [24], DI-MML [23] for comparison. Semi-supervised
MML baselines include DSLR [55], SMDDRL [56], Cor-
MulT [57], DUT [58]. We randomly select a subset of sam-
ples with a proportion of u to construct the unlabeled
training set, where p is set to be 40%. For traditional
supervised multimodal learning baselines and rebalanced
baselines, in addition to the original algorithm, we mod-
ify their classification loss function in a semi-supervised
manner like Eq. to handle the unlabeled training data.
The corresponding approaches are denoted with the suffix
“+SSL”. Furthermore, we report the results with different
values in appendix.

From the results in Table 5, we can draw the following
observations: (1). Our method can achieve the best perfor-
mance in most cases by comparing with the baselines in-
cluding rebalanced MML approaches and semi-supervised
MML approach. (2). Compared with vanilla MML, rebal-
anced MML baselines and semi-supervised baselines can
achieve better performance in all cases, demonstrating



TABLE 3
Comparison with SOTA multimodal learning methods. The best results are highlighted in bold. The underlining symbol denotes the second best
performance. We use the symbol T to denote the results which are based on MML but perform worse than the best unimodal approach. We also
report the performance gain (or degradation) of learning-based method compared to the best-performing baseline. The proposed methods
consistently achieve competitive or superior performance across datasets.

Method KSounds CREMA-D VGGSound Sarcasm Twitter2015
Accuracy  MAP | Accuracy MAP Accuracy  MAP | Accuracy MacroFl | Accuracy MacroF1
Audio/Image | 54.12%  56.69% | 45.83% 58.79% 46.55%  47.01% | 71.81% 70.73% 58.63% 43.33%
Video/Text 55.62% 58.37% 63.17% 68.61% 34.94% 34.78% 81.36% 80.56% 73.67% 68.49%
Concat 64.55% 71.30% 63.61% 68.41% 51.16% 53.52% 82.86% 82.40% 70.11% 63.86%]
Affine 64.24% 69.31% 66.26% 71.93% 50.01% 51.55% 82.40% 81.88% 72.03%* 59.92%*
Channel | 6451%  68.66% | 66.13% 71.70% 51.10%  53.05% - - - -

ML-LSTM 63.94% 69.02% 62.90%! 64.73%! 49.66% 51.39% 82.77% 82.05% 70.68%1 65.64%!
Sum | 6490%  71.03% | 63.44% 69.08% 51.36%  53.38% | 82.94% 82.47% 73.00%  66.61%]
Weight | 65.33%  71.10% | 66.53% 71.34% 51.44%  53.00% | 82.65% 82.19% 7242%F  65.16%F
ETMC 65.67% 72.50% 65.86% 71.34% 51.15% 53.38% 83.69% 83.23% 73.96% 67.39%!
MSES | 6591%  71.96% | 65.46% 71.38% 4891%  54.29% | 84.23% 83.69% 71.84%F  66.55%"
G-Blend | 67.22%  72.74% | 64.65% 73.92% 50.96%  55.55% | 82.86% 82.15% 74.35% 68.69%
MSLR 67.56% 72.82% 68.68% 74.12% 49.87% 54.15% 84.39% 83.78% 72.52%* 64.39%1
DOMEFN 66.25% 72.44% 67.34% 73.72% 49.43% 53.77% 83.56% 82.62% 74.45% 68.57%
OGM | 6582%  71.59% | 66.12% 73.72% 4829%  49.78% | 83.60% 82.93% 74.92% 68.74%

PMR 66.75% 72.74% 66.59% 70.58% 46.47% 48.66% 83.10% 82.56% 74.25% 68.62%

AGM | 6791%  73.88% | 67.33% 78.07% 4711%  51.98% | 83.06% 82.93% 74.83% 69.11%
MMPareto | 70.00%  78.50% | 74.87% 85.35% 51.25%  54.73% | 83.48% 82.84% 73.58%1  67.29%F
SMV 69.00% 74.26% 78.72% 84.17% 50.31% 53.62% 84.18% 83.68% 74.28% 68.17%

MLA | 70.04%  79.45% | 79.43% 85.72% 51.65%  54.73% | 84.26% 83.48% 7352%F  67.13%F
ReconBoost 68.55% 76.62% 75.57% 81.40% 50.97% 53.87% 84.37% 83.17% 74.42% 68.34%
DI-MML 72.03% 74.26% 81.58% 85.92% 51.73% 54.79% 84.11% 83.15% 72.48%* 66.86%1
Ours-H | 7178%  78.83% | 82.93% 89.64% 51.63%  54.08% | 84.39% 83.77% 73.77% 68.52%
Ours-LB 73.33% 80.24% 84.27% 91.84% 54.46% 58.98% 84.99% 84.45% 74.86% 69.78%

A | 1130%  10.79% | 12.69% 15.92% 12.73%  13.43% | 10.60% 10.77% 10.06% 10.67%

TABLE 4 representation-level alignment and dynamic integration are

Performance comparison on the datasets with three modalities. The
results show that the proposed method generalizes effectively to the
three-modality setting and achieves superior overall performance.

Method NVGesture IEMOCAP
Accuracy MacroFI | Accuracy MAP

RGB/Audio 78.22% 78.33% 58.45% 62.75%
OF/Video 78.63% 78.65% 30.71% 29.41%
Depth/Text 81.54% 81.83% 70.55% 78.30%
MSES 81.12% 81.47% 71.73% 79.90%
G-Blend 82.99% 83.05% 70.10% 77.38%
MSLR 82.86% 82.92% 76.69% 85.06%
AGM 82.78% 82.82% 77.51% 84.71%
MMPareto 83.82% 84.24% 77.69% 85.91%
SMV 83.52% 83.41% 78.32% 85.48%
MLA 83.73% 83.87% 79.31% 86.83%
ReconBoost 84.13% 86.32% 76.87% 84.49%
Ours-H 85.06% 85.15% 78.97% 85.43%
Ours-LB 85.48% 85.65% 79.96% 86.04%
A 11.35% 10.67% 10.65% 10.79%

the effectiveness of rebalanced multimodal learning and
semi-supervised learning, respectively. (3). Compared with
semi-supervised baselines, rebalanced MML baselines can
achieve competitive performance, demonstrating the effec-
tiveness of rebalanced multimodal learning.

4.3 Ablation Study

Impact of Modality Alignment and Dynamic Integration:
To comprehensively assess the effectiveness of our method,
we conduct experiments to study the influence of main
components, i.e., modality alignment and dynamic integra-
tion (DI). The results are shown in Table [6| where the “PA”,
“RA” and “DI” denote that whether the prediction-level,

applied during training. The unimodal MAP results are
based on audio and video modalities for KSounds and
CREMA-D datasets, and unimodal F1 results are based on
image and text modalities for Sarcasm , VGGSound and
Twitter2015 datasets. Please note that dynamic integration
depends on the modality alignment. Hence the method with
dynamic integration but without modality alignment cannot
be performed. From Table [, we can see that both modality
alignment and dynamic integration can boost performance
in multimodal learning.

Analysis of Integration Strategy: Integration weight o
balances modality fusion and alignment. A fixed « is subop-
timal, since alignment is more critical in early training to re-
duce cross-modal discrepancies, while fusion becomes more
important in later stages for improving task performance.
Dynamically adjusting « is therefore necessary. Specifically,
we analyze three categories of integration strategy, i.e.,
constant, stepwise and dynamic strategies. For constant
strategy, we assign a constant value to « and run three
sets of experiments by setting o = 0, & = 0.5, and o = 1.
Here, o = 0 denotes that we only perform modality fusion.
a = 1 is defined similarly. For stepwise strategy, we define
an indicator function h(p), where h(p) denotes that o = p
if the current epoch is less than half of the total epochs,
otherwise & = 1 — p. For dynamic strategy, we assign
value to « by heuristic strategy (Ours-H) and learning-based
strategy (Ours-LB).

The experimental results in Table |[7/| show that: (1). Inte-
grating modality fusion and modality alignment simultane-
ously with a constant ratio can slightly boost performance
in some cases and greatly reduce the performance gap
between audio and video. (2). In general, the model with a



TABLE 5
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Comparison with representative multimodal learning methods under the semi-supervised setting (1 = 40%). The best and the second best results
are indicated as bold and underlying. We also report the performance gain (or degradation) of learning-based method compared to the
best-performing baseline. The proposed method achieves the best or highly competitive performance across the five benchmark datasets.

Method KSounds CREMA-D VGGSound Sarcasm Twitter2015
Accuracy  MAP Accuracy  MAP | Accuracy MAP Accuracy MacroFI | Accuracy MacroF1
Concat 53.77% 62.59% 54.30% 69.38% 34.43% 36.58% 80.41% 80.10% 69.62% 64.19%
Sum 52.69% 61.03% 53.09% 64.56% 33.62% 36.14% 80.12% 79.53% 68.08% 59.98%
Concat+SSL 54.93% 63.10% 55.11% 70.27% 35.04% 36.73% 81.57% 80.41% 69.91% 61.90%
Sum+SSL 54.12% 62.14% 54.97% 68.91% 34.08% 36.35% 81.36% 81.02% 68.47% 53.73%
OGM 56.20% 63.85% 56.85% 70.93% 34.91% 36.35% 80.95% 80.35% 72.89% 64.38%
MMPareto 58.37% 67.09% 64.65% 80.82% 35.14% 36.91% 81.40% 80.66% 71.94% 65.52%
SMV 59.03% 70.35% 68.28% 83.78% 34.98% 36.79% 81.24% 80.67% 72.23% 65.36%
MLA 62.31% 71.18% 69.35% 78.10% 36.11% 37.39% 81.78% 81.15% 71.75% 65.93%
ReconBoost 61.58% 71.40% 65.32% 82.92% 36.78% 37.55% 81.57% 81.18% 72.03% 65.06%
DI-MML 61.65% 71.07% 71.51% 83.56% 36.30% 38.91% 81.74% 81.28% 71.65% 64.09%
OGM+SSL 57.09% 64.71% 57.66% 69.02% 34.79% 37.33% 81.36% 81.02% 73.07% 66.31%
MMPareto+SSL 60.49% 70.60% 65.46% 81.80% 36.11% 37.39% 82.15% 81.71% 72.13% 66.20%
SMV+SSL 61.19% 69.42% 69.62% 82.99% 35.40% 37.86% 82.03% 81.40% 72.42% 66.50%
MLA+SSL 63.36% 72.54% 71.77% 78.75% 39.14% 40.77% 82.36% 81.84% 72.23% 64.53%
ReconBoost+SSL 62.47% 69.42% 67.47% 83.19% 37.46% 39.79% 82.40% 81.89% 72.32% 64.77%
DI-MML+SSL 62.43% 72.84% 72.98% 84.46% 37.43% 40.43% 82.27% 81.86% 72.42% 64.35%
DSLR 62.08% 71.44% 72.58% 81.52% 39.08% 40.78% 82.15% 81.12% 71.07% 63.65%
SMDDRL 61.58% 71.40% 73.12% 83.51% 39.43% 41.04% 82.52% 81.93% 72.61% 65.20%
CorMulT 63.63% 73.32% 74.06% 80.90% 38.53% 40.50% 81.94% 81.53% 71.55% 64.35%
DUT 64.01% 73.38% 74.19% 85.95% 38.92% 40.72% 82.86% 82.10% 72.81% 65.54%
Ours-LB 63.36% 72.54% 73.66% 82.02% 37.82% 40.97% 81.86% 81.19% 71.84% 64.55%
Ours-LB+SSL 64.67% 73.04% 74.33% 84.41% 39.53% 41.02% 82.94% 82.31% 73.19% 65.83%
A 10.66% 10.34% 10.14% 11.54% 10.10% 10.02% 10.08% 10.21% 10.38% 10.29%
Change of o for Learning-based Strategy: To further
— Audio (Ours); Audio (MML); Video (Ours); Video (MML) . . ..
observe the change of the optimal o during training, we
1 illustrate the change of & on CREMA-D dataset. The results
‘ are shown in Figure 3| where « is calculated by learning-
0.8 M Point A : based strategy. From Figure [3} we can see that at the initial
)5 \NWW stage of training, the model focuses on aligning the modali-
s M RN AP S SRR . .. . .
S 06) ] AT ] ties. As training progresses, the importance of modal fusion
g M | /J “ . increases, leading to improved overall performance.
g ool [ :""'*‘V?\w | Positive Impact Analysis of Alignment: Figure [3| fur-
< JW ﬁ M ‘ T ther illustrates the unimodal performance of our method,
ozl A | | i.e.,, Audio (Ours) and Video (Ours), compared to that of
20 L general multimodal learning approach, i.e., Audio (MML)
. and Video (MML). Building on the experimental results
0020 40 60 80 100 120 140 160 180 200 in Figure [3) we analyze the positive impact of alignment

Epoch

Fig. 3. Evolution of o on the CREMA-D dataset under the learning-based
integration strategy. The learned « gradually shifts from alignment-
oriented training to fusion-oriented training, indicating that effective op-
timization first emphasizes cross-modal alignment and then increases
the contribution of task-oriented fusion.

stepwise strategy can outperform the model with a constant
strategy. Furthermore, we can find that the performance
of the model with two-stage training, i.e., 2(0) or h(1), is
worse than that of the model which combines two losses
with a constant value, ie., h(0.05) or h(0.95). (3). The
overall performance of the model with the dynamic strategy
is better than that with the other strategy. Moreover, the
model with the learning-based strategy can achieve the best
performance. And the performance gap of this model is
nil or negligible. These results indicate that reducing the
unimodal performance gap is closely related to improving
multimodal performance.

on the dominant modality: Due to the imposed modality
alignment, the performance of the dominant modality is not
as good as the vanilla MML at the beginning of training
(about before the 65-th epoch, which we mark with “Point
A” in Figure [3). As the training progresses, a further de-
creases, and the performance of the dominant modality also
improves further, and it clearly exceeds the effect of the
vanilla MML training method.

4.4 Further Analysis

Analysis of Modality Gap: Modality gap [59] characterizes
the correlation between different modalities in multimodal
learning. And large modality gap leads to better perfor-
mance in some situations. We further illustrate the modality
gap for CONCAT, G-Blend, MLA, and our method. The
results in Figure[d|show that our method can learn more dis-
criminative representations and results in higher accuracy
with a large modality gap compared with other methods.

Robustness Analysis of the Pretrained Model: We further
exploit the robustness of the large-scale language vision



TABLE 6
Ablation study. The symbols “PA”, “RA” and “DI” denote whether the
prediction alignment, representation alignment, and dynamic
integration are applied during training. Results show that each
component improves multimodal learning performance and their
combination achieves the best results.

Dataset Module MAP/F1
PA~ RA DI | Multiple  Unimodall — Unimodal2

X X X 69.32% 48.82% 27.19%

v X X 74.46% 54.34% 57.22%

v x v 78.83% 57.82% 60.15%

KSounds X v X 71.76% 51.05% 47.05%
X v v 78.97% 58.40% 60.42%

v v x 76.69% 57.10% 59.77%

v v v 80.24% 58.20% 60.50%

X X X 76.07% 70.97% 34.15%

v X X 89.19% 73.62% 73.44%

v X v 90.00% 75.72% 73.81%

CREMA-D X v X 86.32% 72.11% 52.51%
X v v 90.06% 75.27% 67.36%

v v X 89.32% 75.79% 74.58%

v v v 91.84% 76.27% 76.12%

X X X 48.84% 38.99% 7.73%

v X X 56.26% 46.96% 34.98%

v X v 56.61% 44.44% 28.48%

VGGSound X v X 56.09% 47.16% 34.58%
X v v 55.98% 45.93% 34.36%

v v X 56.52% 47.21% 34.83%

v v v 58.95% 48.04% 34.75%

X X X 82.43% 62.81% 77.96%

v X X 82.85% 71.06% 81.08%

v X v 83.62% 71.99% 82.44%

Sarcasm X v X 83.10% 68.74% 80.72%
X v v 84.57% 74.53% 83.03%

v v x 83.18% 73.02% 82.04%

v v v 84.45% 73.18% 82.14%

X X X 63.86% 40.99% 68.38%

v X X 64.89% 48.47% 67.53%

v x v 69.17% 51.33% 68.88%

Twitter2015 X v X 65.33% 46.84% 69.04%
X v v 70.57% 53.43% 69.68%

v v X 67.78% 51.68% 68.67%

v v v 70.59% 52.03% 69.78%
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Fig. 4. Visualizations of the modality gap on the CREMA-D dataset.
Compared with existing methods, Ours-LB exhibits a larger modality
gap together with higher accuracy, suggesting that the proposed method
learns more discriminative multimodal representations.

pretrained model CLIP [38] model on Sarcasm and Twit-
ter2015 datasets. We replace the encoders for image and text
as the corresponding encoders pretrained by CLIP and fine-
tune the model on Sarcasm and Twitter2015 datasets respec-
tively. The results are shown in Table[8] where “CLIP+MLA”
and “CLIP+Ours-LB” present that we apply the MLA’s
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Ours-LB

Fig. 5. Grad-CAM visualizations on the Twitter2015 dataset for CONCAT
and Ours-LB at different training epochs. Compared with CONCAT,
Ours-LB first promotes cross-modal alignment and then focuses on task-
relevant regions, illustrating the progressive transition from alignment-
driven optimization to classification-oriented learning.

epoch =7  epoch =15

epoch =1

and our algorithm, respectively. From Table |8, we can
draw the following observations: (1). Both CLIP+MLA and
CLIP+Ours-LB can outperform CLIP in all cases. (2). With
the help of dynamic integration, the performance of our
method is better than that of MLA.

Visualization: We utilize GradCAM [60] to showcase the vi-
sualization of image regions that attract the weak modality’s
focus during training. By using GradCAM, the importance
scores are assigned to every pixel in each feature map, aid-
ing in identifying the image regions critical for the model’s
predictions. We compare the visualization for CONCAT
and our method. The visualization results are presented in
Figure |5, where the second, the third, and the last columns
denote the results of the first, the seventh, and the last epoch,
respectively. The category label for this image is “Negative”
and the corresponding text is “Crazy hair day ! T is a
contender.”. By comparing our method with CONCAT, we
can see that our method focuses on the textual information
from text modality, and then fits the learned features to the
category labels.

5 CONCLUSION

In this paper, we investigate modality imbalance in mul-
timodal learning from a unified perspective of modality
fusion and dynamic modality alignment. We observe that
task-oriented fusion tends to favor dominant modalities
when cross-modal predictions or representations are in-
sufficiently aligned, which limits the exploitation of weak
modalities and leads to imbalanced multimodal learning.
To address this issue, we propose a unified framework
that dynamically incorporates modality alignment into task-
oriented fusion at the prediction, representation, and hybrid
levels, thereby adaptively enhancing cross-modal consis-
tency and stimulating weak modality capabilities during
multimodal learning. Since the desired strength of align-
ment varies across training stages, with stronger alignment
being necessary to reduce cross-modal discrepancy in the
early stage and excessive alignment potentially constraining
discriminative fusion in the later stage, we further develop
heuristic and learning-based strategies to adaptively con-
trol the alignment effect within the fusion process. The
convergence of the learning-based optimization algorithm
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TABLE 7
Comparison of dynamic integration strategy on KSounds and CREMA-D datasets. Dynamic integration achieves the best overall performance
while yielding a negligible unimodal performance gap, indicating that adaptively balancing fusion and alignment is more effective than fixed or
manually scheduled strategies.

. Constant Stepwise Dynamic

Dataset | Modality — 05 T RO R R(005) (098] | OursH  OursTB

Multiple 64.67%  70.51% 28.37% | 68.11%  69.42% 68.96% 70.76% 71.78% 73.75%

KSounds Audio 48.78%  52.65%  29.65% | 49.67%  52.49% 52.53% 52.65% 54.35% 55.35%
Video 33.01% 56.67% 21.88% | 53.69% 54.27%  56.40% 55.51% 56.40% 56.78%

Multiple 70.97%  82.39% 2890% | 81.18% 82.53%  81.85% 82.66% 82.93% 84.27%

CREMA-D Audio 65.46%  69.62%  26.75% | 68.41%  68.82% 67.88% 68.15% 70.56% 69.62%
Video 2890% 64.92%  23.25% | 61.02% 66.40%  63.04% 66.53% 65.73% 67.88%

TABLE 8 ularization: The paper provides convergence guarantees

Results on the Sarcasm and Twitter2015 datasets achieved by using
the CLIP pretrained model as encoders. CLIP+QOurs-LB achieves the
best overall performance, demonstrating the compatibility of the
proposed method with pretrained multimodal encoders.

Dataset Method Multiple  Image Text
CLIP 83.11% 74.82%  82.15%
Sarcasm CLIP+MLA 84.45% 77.45%  83.19%
CLIP+Ours-LB | 85.64%  78.46%  83.77%
CLIP 72.52% 54.48%  71.75%
Twitter2015 | CLIP+MLA 73.95%  56.53%  72.37%
CLIP+Ours-LB 74.87% 57.70%  73.67%

is theoretically proved to ensure its reliability. Extensive
experiments under supervised and semi-supervised scenar-
ios demonstrate that our method consistently outperforms
state-of-the-art multimodal learning approaches, achiev-
ing accuracy improvements of 1.30%, 2.69%, and 0.60%
on representative bimodal benchmarks, namely KSounds,
CREMA-D, and Sarcasm, respectively, as well as gains of
1.35% and 0.65% on trimodal datasets, namely NVGesture
and IEMOCAP.

While the proposed framework demonstrates strong em-
pirical performance, several limitations remain and open
directions for future research. Here, we discuss several
limitations of the current approach and outline potential
directions for future research.

(1). Reliance on Well-Structured Modality Pairs: The cur-
rent framework assumes that multimodal inputs are rea-
sonably structured and that cross-modal relationships are
stable. In real-world scenarios, modalities may be weakly
correlated, partially missing, or exhibit temporal misalign-
ment, which can undermine the effectiveness of the pro-
posed alignment mechanisms. Future Work: Develop adap-
tive alignment strategies that can handle modality uncer-
tainty, missing modalities, and asynchronous data streams,
possibly through uncertainty estimation or dynamic modal-
ity weighting.

(2). Scalability to More Than Two Modalities: Although the
method is conceptually extensible to multiple modalities,
the interaction complexity between fusion and alignment
grows significantly as the number of modalities increases.
The current design does not explicitly address scalability
or computational efficiency in such settings. Future Work:
Investigate scalable fusion-alignment architectures, such as
modular or hierarchical alignment mechanisms, and ex-
plore efficient optimization strategies tailored for high-
dimensional multimodal spaces.

(3). Limited Theoretical Analysis on Alignment Reg-

for the learning-based integration strategy but does not
theoretically analyze how alignment regularization affects
the generalization error or the optimization dynamics of
dominant versus weak modalities. Future Work: Establish
theoretical bounds on generalization error under alignment
constraints and analyze the optimization landscape to better
understand the trade-offs between fusion and alignment.
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