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Variational Interpretable Deep Canonical 
Correlation Analysis

Abstract

The main idea of canonical correlation analysis (CCA) is to map different 
views onto a common latent space with maximum correlation. We propose 
a deep interpretable variational canonical correlation analysis (DICCA) for 
multi-view learning.  The developed model extends the existing latent 
variable model for linear CCA to nonlinear models through the use of deep 
generative networks. DICCA is designed to disentangle both the shared and 
view-specific variations for multi-view data. To further make the model more 
interpretable, we place a sparsity-inducing prior on the latent weight with a 
structured variational autoencoder that is comprised of view-specific 
generators. Empirical results on real-world datasets show that our method is 
competitive across domains.

This dataset contains 200 patients with chronic lymphocytic leukaemia
(CLL}. This data combines vivo drug response measurements with somatic 
mutation status, transcriptome profiling and DNA methylation assays. Thus, 
there are four measurements on the same patients.
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This section is an example of a paragraph.  When creating sections, 
regardless of whether you're putting in text or images, always try to align to 
the edges of the yellow guidelines. This poster canvas is broken into 3 
columns, and aligning to the edges will make it much easier for viewers to 
differentiate sections and read information.

Group  dependency relationship: each latent dimension of  z influences 
only a sparse subset of the observational groups. We can view the 
observational groups associated with a specific latent dimension. 
Latent dimension interpretation and biomarker discovery: Based on 
the top weights in mRNA data, factor 2 is aligned with SEPT5 which is a 
member of the septin gene family of nucleotide binding proteins. Disruption 
of septin function can disturb cytokinesis and result in large multinucleate or 
polyploid cells. Factor 10 is aligned with TES which maps to a common 
fragile site on chromosome 7q31.2 designated FRA7G. TES is a negative 
regulator of cell growth and  may act as a tumour suppressor gene that is 
inactivated primarily by transcriptional silencing resulting from CpG island 
methylation.

We construct a collapsed variational objective function by marginalizing the 

Noisy MNIST Dataset Disentanglement learning

Genetic Data

Two-view noisy MNIST datasets  are widely used for testing  multi-view 
models.  This dataset is generated from the MNIST dataset, the first view of 
the dataset is generated by rotating each image at angles randomly 
sampled from uniform distribution, while the second view is from randomly 
sampled images with the same identity to the first view but not necessarily 
the same image. 


