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To group “objects” by “similarity” 
in some “space”

Such that objects within one 
cluster (group) are “closer” to each 
other than to objects of another 
cluster

It’s a difficult problem! (even in 2D)

9/20/2017 2

Clustering



gene_1 gene_2 … gene_g

frog_1 6.321 4.287 … 1.432

frog_2 5.009 2.411 … 3.091

… … … … …

frog_n 4.487 3.932 … 1.254

A g-dimensional feature space for transcriptomics of n frogs
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Feature Space



gene_1 gene_2 … gene_g

frog_1

frog_2

…

frog_n

prot_1 prot_2 … prot_p

frog_1

frog_2

…

frog_n

metb_1 metb_2 … metb_m

frog_1

frog_2

…

frog_n

micb_1 micb_2 … micb_b

frog_1

frog_2

…

frog_n

g dimensional transcriptome p dimensional proteome

m dimensional metabolome b dimensional microbiome
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Multiple Feature Spaces in Omics



pixl_1 pixl_2 … pixl_l

frog_1

frog_2

…

frog_n

feat_1 feat_2 … feat_h

frog_1

frog_2

…

frog_n

h dimensional processed HSI featuresl dimensional 2D HSI images
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Multiple Feature Spaces in HSI

eccentricity,

convex area,

orientation,

… 



multiple “observed” modalities

transcriptome
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proteome metabolome microbiome HSI1 HSI2



d dimensional latent (“hidden”) space 
of people on the internet

multiple “observed” modalities
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d dimensional latent (“hidden”) space 
of frogs

multiple “observed” modalities

transcriptome
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proteome metabolome microbiome HSI1 HSI2



observed 
modalities

latent 
space

parameters 
of the 

mapping

spread of 
data in 

latent space

cluster 
assignments
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(aside on the mathematics – 1)



• MCMC to evaluate posterior probabilities

• Find out cluster assignments (integrating over the latent space 
and parameter space)
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(aside on the mathematics – 2)



• Principally clusters across modalities
• by allowing modalities to “supervise” each other through a shared latent space

• Inherent dimensionality reduction
• The low dimensional latent space (small d) can represent a high level humanistic understanding of how frogs 

cluster; thus a form of manifold learning

• Works for even few data points
• Non-parametric Bayesian methods scale with data

• Requires no supervision
• High level of abstraction
• Automatically discovers number of clusters

• Can discover a global optima
• Given enough time, an MCMC converges to the global optima
• Integrating over other unknown variables gives a more robust clustering

• Allows fantasising new data
• Given data in one modality, we can fantasise data in another modality through the shared latent space

• Can rank features by importance (both latent and observed)
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Advantages



Disadvantage: Very slow!
(Next step: move towards variational inference)

9/20/2017 12



• Frogs were clustering by development stages

• Interpret the latent dimensions

• Find out feature significances 

• Relate Omics and HSI
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Results and Next Steps


