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Representation learning for ‘omics data
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Challenge 1: data integration & batch correction
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Challenge 1: data integration & batch correction
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learning fair representations
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Conditional Variational Autoencoder (CVAE)
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Conditional Variational Autoencoder (CVAE)
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The importance of latent space alignment
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The importance of latent space alignment

This alignment

directly gives us

data integration in

latent space

Z plot



However...
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e The modelisunder no

obligation to use the
condition label ¢

e Training standard CVAE on

Tumour / Cell lines does not
lead to good alignment



Contrastive Mixture of
Posteriors
Misalignment Penalty



Aim

Train a CVAE such that

7 |l c

holds




Aim (equivalent form)

for every c € C, KL[(q(z\c)]\[q(z\ﬂ c)] =0

Marginal Marginal
distribution distribution
of z for cells of z for cells

INn condition ¢ IN any other

condition



: Contrastive Mixture of Posteriors
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: Contrastive Mixture of Posteriors

Theorem 1. The CoMP misalignment penalty satisfies
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: Contrastive Mixture of Posteriors

Our training objective to max is a penalised ELBO

ELBO — v(CoMP penalty)



Applying CoMP



How do we use the CoMP CVAE model?
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How do we use the CoMP CVAE model?
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Theory



Counterfactual identifiability

Question: Is z || ¢ sufficient to find counterfactuals, assuming the
model is correct?
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Counterfactual identifiability
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Counterfactual identifiability

Question: Is z || ¢ sufficient to find counterfactuals, assuming the
model is correct?

No. There is no way to tell which of these models is the right one.
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Counterfactual identifiability

Theorem (inexact statement): If we have a linear decoder and we
assume that there is no exact, linear symmetry of the true latent
distribution, then counterfactuals are identifiable.
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Counterfactual identifiability

Theorem (inexact statement): If we have a linear decoder and we
assume that there is no exact, linear symmetry of the true latent
distribution, then counterfactuals are identifiable.
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Results



1. Powerful data integration tool

Uncorrected Partially aligned Our method

® Tumour samples (TCGA - Largest 15 cancer types)
O Celllines (CCLE)



Powerful data integration tool

S kBET S m-kBET

VAE 0.658 0.974 0.803 0.581
CVAE 0.554 0.931 0.684 0.571
VFAE 0.168 0.258 0.198 0.188
trVAE 0.096 0.163 0.138 0.123

Celligner 0.082 0.525 0.568 0.226
CoMP 0.023 0.160 0.094 0.101

Best global Best alignment
alignment of correctly
matching cell

types



2. Fewer mis-alignments

Our
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\ Plenty of misaligned cell types



3. Better than Seurat, Harmony for scRNA-seq data

integration tasks

CoMP Seurat (CCA) Harmony
S kBET S m-kBET
Seurat CCA  0.0176  0.436 0.022 0.356
Harmony 0.0158 0.318 0.013 0.245
CoMP 0.0004 0.164 0.0011 0.120
& ‘ P
!




4. Counterfactual inference to predict effects of drug
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5. Fair but informative representations

Original Data -« VFAE (mean)«

Gender Acc. Income Acc.  si. kBET,

Original data 0.796 0.849 0.067 0.786
VAE 0.764 0.812 0.054 0.748
CVAE 0.778 0.819 0.054 0.724

VFAE (sampled) [18] 0.680 0.815 - -
VFAE (mean) 0.789 0.805 0.046 0.571
trVAE 0.698 0.808 0.066 0.731

CoMP (ours) 0.679 0.805 0.011 0.431
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Our code is available github.com/BenevolentAI/CoMP

Find the paper “Contrastive Mixture of Posteriors”
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