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AN OPTIMAL TRANSPORT-BASED LATENT MIXER FOR ROBUST MULTI-MODAL LEARNING
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Motivation AN OPTIMAL TRANSPORT-BASED LATENT MIXER
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* Stochastic Mixing
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Practical scenario with unaligned and distributed multi-modal data. M
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* Real-world multi-modal data are often scattered to different local agents, and each
agent can only access the data in a single modality.

* Due to privacy protection and data security, sharing data directly across different
agents is forbidden in many applications.

* What is worse, for some agents, the data associated with its modality may be insuf-
ficient for downstream tasks because the number of the data can be limited and the
features can be not informative enough for representation learning.

* Augmented Latent Code

Numerical Comparisons
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Proposed Method
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* Reconstruction loss of each modality Conclusion & Future Work
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* Regularization on the latent representations * In the future, we plan to test our method in real-world applications, e.g., federated
o _ learning for healthcare data modeling.
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