Deep Incomplete Multi-view Learning via Cyclic Permutation of VAEs

Seeking PhD 2026 ! E E ' '
Research Interests: ol Xin GaOa Jian Pu [
gaoxin23(@m.fudan.edu.cn / jianpu@fudan.edu.cn

* Generative Modeling . E ke

ICLR

WeChat
&
Paper Link

Experiments

Motivation Method: Overview

() Multimodal VAEs with Inter-view Correspondences Three datasets are selected for displaying

v . Table 3: Complete clustering results of nine methods on five multi-view datasets with missing rates of n = 0.1, 0.3, 0.5, and 0.7. The first and second best results
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Operations of a set: o o o put images of view 2, randomly selected from digit classes 0 to 9. The following columns display

P @)z 2P (29 [ 29| 2P zV) 2P| 2P | 2P| 2 MethOd Pal‘t (2) . A NeW IIlfO I‘mathllal Pl‘lOl’ fOI’ BEtter COnSlStency multi-view samples (five views per sample) generated by various models. Ideally, the conditional
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ermutation: variables with the same superscript 2O 20| 22 |2 | 2V | 25 z°|2z3 |7 |5 |z |G racy scores, shown in parentheses, are derived from pre-trained classifiers on the generated images.
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’ " The following columns display five-view samples generated by different models. ollowed-out armrests on chairs.
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