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Research on multimodal generation models based on contrastive normalizing flows
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Abstract: Human intelligence is largely manifested as the ability to rapidly perceive multisensory information. However, learning
from multimodal data remains a highly challenging problem in deep learning. As a novel paradigm for multimodal data learning,
multimodal variational autoencoder ( VAE) have attracted significant attention in recent years and achieved remarkable results.
Nevertheless, existing multimodal VAE suffer from limitations in semantic coherence and generation quality due to alignment
constraints or restricted posterior designs in shared latent spaces. To address these issues, this study proposes a novel multimodal
deep generative model, named Contrastive Normalizing Flow—based Multimodal Variational Autoencoder (CNF-MVAE). In CNF
-MVAE, a high—level semantic space—the “meta” latent space—is introduced, decoupled from modality —specific latent spaces
through invertible normalizing flows. Subsequently, contrastive learning is employed to achieve sample—level alignment within the
meta latent space. CNF-MVAE significantly enhances semantic coherence while preserving generation quality. Experimental results
on benchmark multimodal datasets demonstrate that CNF-MVAE consistently outperforms other state—of—the—art multimodal VAE
across various tasks, validating its effectiveness.
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Fig. 1 Diagram of a multimodal generative model based on
contrastive normalized flows
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Fig. 2 Illustration of the contrastive strategy
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