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Background

€ Modality Imbalance € Viewpoint
Due to modality heterogeneity, multimodal learning (MML) is Although existing methods have shown promising results, they generally overlook a key
often dominated by stronger modalities, resulting in insufficient aspect: MML can be highly sensitive to the training sequence. Since the standard
learning of weaker ones and suboptimal overall performance. training paradigm is characterized by random data shuftling, this process inevitably
introduces imbalanced samples into early training stages, which may further exacerbate

® Modality Rebalance Method modality imbalance and ultimately degrade MML performance.

* Learning-objective-based: MMPareto, LFM

» Optimization-based: OGM-GE, IGM ® Toy Experiment

* Architecture-based: UMT We investigate the relationship between different training sequences and MML

* Data-augmentation-based: SMV  Outstanding Performance! performance. Inspired by curriculum learning (CL), we first evaluate the balance degree
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The balance score of a sample @; can be formulated as thei(a). Multimodal learning framework. i W - e e B '
combination of correlation criterion (prediction s1m11ar1ty). (w) Balanced—PImbalancedu

d information criterion (training loss) — W wEe
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® Training Scheduler T Enradeed | —_—t) |
i Fixed Sequences 1 : TEpochs|

Heuristic Scheduler: Following curriculum learning, we
adopt a widely-used pacing function A(¢) to achieve this:

Paired Multimodal Sequer}ce
Samples Sampling

(c). Sequence sampling (Learning-based).
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X paren(t) = Sampling ({@:|@i € Xrank,i < [n-AE)]}).

Leaning-based Scheduler: Since heuristic scheduler may neglect model feedback. We further propose a learning-based scheduler that reconstructs the dynamic
sequence by learning a sampling probability for each sample, considering both the balance of past and current samples in a more fine-grained manner.

Update . Ak—|—1($ ) = { " (@), if k=0, Sampling (z,) 35 () Current

Formula (1 —B)8"(x;) + Bs" T (a;), otherwise. Probability " > es (@) Batch Data  Xbatcn(t) = Sampling({p(@1), p(@2), -, P(@n)});
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® Classification Results N € Ablation Study
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Conclusion

BSS mitigates modality imbalance problem by evaluating sample balance with a
multi-perspective measurer and constructing balanced-to-imbalanced training
sequences using both heuristic and learning-based schedulers.
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