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Motivation

• From in-depth analysis of cells to understanding the brain
• Studying the whole brain at single-cell resolution by single-cell omics
• The potential to unravel the molecular programs underlying the cellular diversity

Allen Institute for Brain Science, Press releases, 2018.
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Motivation

• From in-depth analysis of cells to understanding the brain
• Studying the whole brain at single-cell resolution by single-cell omics
• The potential to unravel the molecular programs underlying the cellular diversity
• Measurement noise and biological variation cause significant challenges

Allen Institute for Brain Science, Press releases, 2018.
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Single-cell data: a mixture landscape

Mixture models: measurement is a function of two (random) variables.  

𝑥: scRNA-seq data
c: cell type (discrete factor)
s: cell type-dependent variations (continuous factor) 

𝑥 = 𝑓 𝑐, 𝑠
𝑥

(expression profile)
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Single-cell data: a mixture landscape

Mixture models: measurement is a function of two (random) variables.  
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Mixture representation learning: variational approach
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1. Dupont, Emilien. "Learning disentangled joint continuous and discrete representations." NeurIPS, 2018.
2. Jeong, Yeonwoo, and Hyun Oh Song. "Learning discrete and continuous factors of data via alternating disentanglement." ICML, 2019.
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Mixture representation learning: variational approach
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𝑐": cell type (discrete)
𝑠": cell type-dependent variations (continuous)
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Coupled mixture VAE framework (cpl-mixVAE)
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Coupled mixture VAE framework (cpl-mixVAE)
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Coupled mixture VAE framework (cpl-mixVAE)
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Marghi, Yeganeh M., Rohan Gala, and Uygar Sümbül. "Joint Learning of Discrete and Continuous Variability with Coupled Autoencoding Agents." arXiv preprint arXiv:2007.09880 (2020).
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Consensus assignment 
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Analogy in machine learning 
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A-arm VAE framework
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Benchmark dataset: interpretation of 𝒄 & 𝒔

Continuous 
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Benchmark dataset: unknown 𝒄
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scRNA-seq dataset (Tasic et al., 2018)

Taxonomy

• transcriptomic profiles for 22,365 cells
• 115 excitatory and inhibitory neuron types 
• 5000 DE genes

Chance-level: ~ 6%
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scRNA-seq dataset: transcriptomic identities
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scRNA-seq dataset: transcriptomic identities
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scRNA-seq dataset: more than 2 arms
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Identifying genes regulating continuous variability

Continuous Space
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Identifying genes …

L5 NP ALM Trhr Nefl (n44)

L6 CT Nxph2 Sla (n48)
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Identifying genes …

L5 NP ALM Trhr Nefl

L6 CT Nxph2 Sla

L6 IT VISp Car3
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Robustness of type-dependent variabilities
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Glutamatergic cells

Marker 
genes



25

Glutamatergic cells

House-keeping
genes
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GABAergic cells

Marker 
genes
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GABAergic cells

House-keeping
genes
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Summary

• Introducing cpl-mixVAE as a general framework to apply the power of collective
decision making in unsupervised joint learning of discrete and continuous
generative factors.

• Determining the neuronal cell types in an unsupervised setting, while identifying
the genes implicated in regulating biologically relevant neuronal states.

• Studying (differential) gene expression variabilities using the type-dependent
continuous factor.
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Future studies

• Multi-modal datasets (Joint identification of cell
types and states in different modalities)

• Trajectory-based differential expression analysis
for single-cell sequencing data
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Team:
Uygar Sümbül
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Olga Gliko
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brain-map.org



32brain-map.org | alleninstitute.org    
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Single-cell generator

33Characterization of Cell Identity 
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Single-cell generator

34Characterization of Cell Identity 
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Single-cell generator

35Characterization of Cell Identity 
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All datasets: overall performance
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Consensus assignment


