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Abstract
Multi-modal learning (MML) is frequently hin-
dered by modality imbalance, leading to subopti-
mal performance in real-world applications. To ad-
dress this issue, existing approaches primarily fo-
cus on rebalancing MML from the perspective of
optimization or architecture design. However, al-
most all existing methods ignore the impact of sam-
ple sequences, i.e., an inappropriate training order
tends to trigger learning bias in the model, further
exacerbating modality imbalance. In this paper, we
propose Balance-aware Sequence Sampling (BSS)
to enhance the robustness of MML. Specifically, we
first define a multi-perspective measurer to evalu-
ate the balance degree of each sample in terms of
correlation and information criteria. Via this eval-
uation, we employ a heuristic scheduler based on
curriculum learning (CL) that incrementally pro-
vides training subsets, progressing from balanced
to imbalanced samples to alleviate the imbalance.
Moreover, we propose a learning-based probabilis-
tic sampling method to dynamically update the
training sequence in a more fine-grained manner,
further improving MML performance. Extensive
experiments on widely used datasets demonstrate
the superiority of our method compared with state-
of-the-art (SOTA) baselines. The code is available
at https://github.com/njustkmg/IJCAI25-BSS.

1 Introduction
Multi-modal learning has emerged as a prominent research
area in artificial intelligence across various scenarios [Yin et
al., 2021; Xu et al., 2023; Yang et al., 2021], including speech
recognition [Hu et al., 2023], information retrieval [Yang et
al., 2024b], and recommender systems [Ye et al., 2025]. By
integrating information from diverse sensors, MML has be-
come a driving force in improving performance across these
applications. Despite these promising outcomes, MML faces
a significant challenge: modality imbalance. Specifically, the
inherent heterogeneity of data endows each modality with
distinct properties, such as convergence speed [Peng et al.,
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Figure 1: A motivating example of sequence sampling: (a1-a3). Il-
lustration of different training sequences. (b). Comparison of dif-
ferent criteria under the CL setting. The results show that CL out-
performs vanilla training with random sequences, while anti-CL is
inferior to it. (c). Accuracy curves of different training sequences
on the Twitter2015 dataset.

2022]. As a result, the learning process tends to be dominated
by the stronger modality (i.e., the one that converges faster)
during joint training, which can lead to insufficient learning
of other modalities. In extreme cases, this imbalance may
even cause the multi-modal model to perform worse than its
best unimodal counterpart [Wang et al., 2020].

Recently, many impressive studies have been proposed to
address the modality imbalance problem from various per-
spectives [Du et al., 2021; Peng et al., 2022; Li et al., 2023;
Yang et al., 2024a; Yang et al., 2025]. Considering the in-
herent modal differences, a straightforward idea is to man-
ually control the optimization process between strong and
weak modalities to achieve rebalancing, such as learning rate
adjustment [Yao and Mihalcea, 2022] and gradient modula-
tion [Fan et al., 2023; Peng et al., 2022]. Other approaches
attempt to facilitate multi-modal learning through neural ar-
chitecture design [Du et al., 2021; Xiao et al., 2020]. Al-
though these optimization- and architecture-based methods
have shown promising results, they generally overlook an im-
portant aspect: MML can be highly sensitive to the sequence
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in which training samples are presented at different stages.
This motivates us to investigate the role of sample sequences
in addressing modality imbalance.

Since the standard training paradigm is characterized by
random data shuffling, this process inevitably introduces im-
balanced samples into the early training stages (Figure 1
(a1)), which may further exacerbate modality imbalance and
ultimately degrade overall performance. To support our
viewpoint, we conduct a toy experiment on the Twitter2015
dataset to investigate the relationship between different train-
ing sequences and MML performance. Inspired by curricu-
lum learning (CL) [Wang et al., 2022; Soviany et al., 2022],
we first evaluate the balance degree of sample pairs based on
both correlation criteria (e.g., prediction similarity) and in-
formation criteria (e.g., training loss), and then rank them
to construct new training sequences (Figure 1 (a2)). The
comparison results in Figure 1 (b) reveal an interesting phe-
nomenon: CL effectively boosts MML performance, while
anti-CL (i.e., learning from imbalanced to balanced samples)
leads to performance degradation across all criteria. This ex-
periment suggests that introducing balanced samples in the
early training stages can guide the model toward a more sta-
ble and robust optimization path, thereby enhancing overall
performance.

Based on our findings, in this paper, we attempt to address
the modality imbalance by adjusting the sample sequences, a
training paradigm that provides appropriate training samples
to the model at different stages. Concretely, we first design
a multi-perspective measurer from both correlation and infor-
mation criteria to evaluate the balance degree of each sample.
Via sample evaluation, we propose a heuristic scheduler that
progressively constructs training sequences in a balanced-to-
imbalanced manner. Moreover, considering that the heuristic
scheduler is relatively coarse and may neglect feedback from
the current model, we propose a learning-based scheduler
that dynamically reconstructs training sequences by assign-
ing sampling probabilities to each data point (Figure 1 (a3)),
further enhancing MML performance as shown in Figure 1
(c). To sum up, our contributions are outlined as follows:

• We highlight the critical role of training sequences in
addressing modality imbalance, and show that well-
structured sequences can significantly improve MML
performance.

• We define a multi-perspective measurer to quantify the
balance degree of each sample. Based on the resulting
balance scores, we then propose both a heuristic and a
learning-based sampling method to adjust the training
sequences.

• Extensive experiments demonstrate that our proposed
method outperforms existing baselines and achieves
SOTA performance across widely used datasets.

2 Related Work
2.1 Imbalanced Multi-Modal Learning
Recent research [Peng et al., 2022; Huang et al., 2022] has
shown that many multi-modal models fail to outperform the
best unimodal counterpart. This phenomenon is attributed

to modality imbalance [Fan et al., 2024; Wei et al., 2024b],
where each modality cannot be fully learned due to inhibition
between them. Considering the existence of both strong and
weak modalities, several representative [Wang et al., 2020;
Fan et al., 2023; Zong et al., 2024] methods focus on balanc-
ing the optimization of individual modalities. In particular,
OGM [Peng et al., 2022] introduces an on-the-fly gradient
modulation technique, which adaptively adjusts the optimiza-
tion process for each modality by monitoring the discrepancy
in their contributions to the learning objective. PMR [Fan et
al., 2023] uses prototypes to control the update direction for
improved unimodal performance. Other studies [Du et al.,
2021; Wu et al., 2022] attempt to boost MML performance by
introducing supplementary modules. For instance, UMT [Du
et al., 2021] trains the multi-modal model with knowledge
distillation [Gou et al., 2021] from well-learned teacher en-
coders to obtain richer unimodal representations. However,
these methods increase model complexity and training costs.
In this paper, from the perspective of sample sequences, we
address modality imbalance by guiding the model to pro-
gressively learn training samples in a balanced-to-imbalanced
manner, without the need for additional modules.

2.2 Sequence-oriented Multi-modal Learning
Sequence-oriented MML is crucial in machine learning, en-
abling models to train on a meaningful subset derived from
the original dataset distribution. These strategies are primar-
ily applied in two areas: curriculum learning (CL) [Soviany
et al., 2022] and noisy label learning (NLL) [Patel and Sastry,
2023]. CL is a training paradigm that progresses from easier
samples to harder ones. By guiding the model toward a better
parameter space, CL has been widely adopted across various
fields, including large language models [Wang et al., 2024],
action recognition [Tong et al., 2023], and reinforcement
learning [Narvekar et al., 2020]. A typical curriculum sys-
tem consists of two main components: a difficulty measurer
to evaluate the learning difficulty of samples and a scheduler
to manage the assignment of training subsets. On the other
hand, sequence-oriented MML in NLL focuses on selecting
clean samples from a noisy training set for model learning.
Commonly used criteria for identifying noisy labels, such
as training loss [Wei et al., 2020], Jensen-Shannon diver-
gence [Xu et al., 2025], and representation similarity [Or-
tego et al., 2021], facilitate reliable data selection and ulti-
mately enhance model robustness. Inspired by the core idea
of sequence-oriented MML, we prioritize balanced samples
to address modality imbalance. This strategy helps rebalance
the training process, enabling our method to learn robust fea-
ture representations while avoiding early-stage optimization
dilemmas.

3 Methodology
In this section, we present our proposed method in detail.
The overall architecture is shown in Figure 2, which con-
sists of two main components: a multi-modal training frame-
work for learning representations, and a Balance-aware Se-
quence Sampling (BSS) module for rebalancing MML via a
multi-perspective measurer and two optional schedulers (one
heuristic and the other learning-based).



Figure 2: Illustration of our method:(a). Multi-modal learning framework.(b). Sequence sampling with a heuristic scheduler.(c). Sequence
sampling with a learning-based scheduler.

3.1 Preliminary
Without loss of generality, we consider a multi-modal sample
with u andv modalities. Formally, letD = f X ; Y g denote
the dataset, whereX = f x (u )

i ; x (v)
i gn

i =1 representsn training
samples andY = f y i j y i 2 f 0; 1gcgn

i =1 is the correspond-
ing category labels with a total ofc categories. MML aims to
train a model to predict the category label of a given multi-
modal sample.

For the MML prediction task, we typically employ deep
neural networks to learn feature embeddings of each modal-
ity from the original space. We usef ( j ) (�) as the feature ex-
tractor for j -th modality, j 2 f u; vg. Given a samplex ( j )

i ,
the feature extraction can be expressed as:

e( j )
i = f ( j ) (x ( j )

i ; � ( j ) ); (1)

wheree( j )
i 2 Rd denotes thed-dimension feature embedding

of x ( j )
i , the� ( j ) denotes the learnable parameters ofj -th en-

coder. After extracting feature embeddings for all modalities,
we adopt a fusion functiong(�) to fuse them, followed by
a classi�er (e.g., a fully connected layer) to map the feature
embedding toRc. This procedure can be formulated as:

ei = g(e(u )
i ; e(v)

i ); ŷ i = softmax (W e i + b): (2)

Here,W 2 Rc� D , b 2 Rc denote the weights and bias of
the classi�er, respectively, andD denotes the dimension of
ei . Then, the objective function of multi-modal learning can
be formulated as:

`ce
multi (X ; Y ) = �

1
n

nX

i =1

y >
i log ŷ i : (3)

Considering that MML can bene�t from the supervision of
unimodal predictions[Zou et al., 2023], we jointly optimize

both multi-modal and unimodal objectives. Therefore, the
�nal objective function can be reformulated as:

` total = (1 � � )`ce
multi (X ; Y ) + �

X

j 2f u;v g

`ce
uni (X ( j ) ; Y );

(4)

where� denotes the weighted parameter between the losses.

3.2 Multi-perspective Measurer
To construct well-structured training sequences that address
modality imbalance, we next introduce how to measure the
balance degree of a multi-modal sample from the perspec-
tives of correlation and information criteria.
Correlation Criterion: Different modalities exhibit inherent
cross-modal correlation, as they describe the same concept
via diverse representations, capturing complementary infor-
mation. Although cross-modal correlation can be measured
from various aspects, we focus on the most commonly used
and critical criterion, i.e., prediction similarity. The reason
is that prediction similarity directly measures output consis-
tency. Formally, given a samplex i = f x (u )

i ; x (v)
i g, the pre-

diction similarity is de�ned as:

sim(x (u )
i ; x (v)

i ) =
[ŷ (u )

i ]> ŷ (v)
i

kŷ (u )
i k2kŷ (v)

i k2

: (5)

Here,k � k2 denotesL 2 norm of the unimodal predictions.
Information Criterion: While prediction similarity re�ects
the balance between modalities, it does not verify whether the
predictions of each modality are correct. In other words, high
prediction similarity may still occur even when all modalities
produce incorrect predictions. Therefore, we further intro-
duce label-related training loss as an intuitive metric to eval-
uate the learning dif�culty of each sample.
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