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Transfer Learning: 
An approach for building (and estimating the parameters of) the model

Single Cell Transcriptomics:
A relatively new technology which brings along new data challenges

What this talk is really about:
Getting you excited to think more about single cell data and our data denoising framework

What is the model for:  
Denoising (Imputing) single cell RNA sequencing data



1. Single cell RNA sequencing (scRNA-seq)

- Why is scRNA-seq data noisy? How can we address this problem?

Overview of my Talk
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At birth, we have well over 200 major cell types that 
constitute the human body

Just like appreciating a smoothie needs an understanding of its constituent ingredients, 
comprehending the complexity of life necessitates a grasp of its diverse cell type composition
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Cell types that make up 
the majority of a tissue 

dominate the gene 
expression patterns 

resulting from bulk, or 
while tissue, RNA 

sequencing 
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A granular understanding of gene expression 
required the ability to sequence individual cells
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Single-cell transcriptomics

A New (Molecular) 
Microscope
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Global efforts are underway to 
catalogue all the cell types and 
their transcriptomic patterns in 
the healthy human body

Neurons

Enterocytes

Myocytes

Hepatocytes

Blood cells

In anticipation of the Human Cell Atlas



Some transcripts are lost 
during cell lysis

Some transcripts may not 
be converted to cDNA.  

PCR amplification step 
introduces nonlinear 
biases

Some transcripts in library 
aren’t sequenced.

Single Cell experiments harbor multiple sources of 
noise

What you observe:

What the truth might be:
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genes

ce
lls

ce
lls



Why bother with denoising?

genes

ce
lls

Because if this is the truth We’d want to identify novel, rare cell types that 
associate with specific disease conditions and might 
be absent in an otherwise healthy individual

We’d like to characterize all the genes that mark a given cell 
population to be able to study them further, target them 
specifically, or isolate them using other experimental setups

Be careful what you denoise for

Don’t want false signals or 
oversmooth patterns

Don’t want to lose true biological 
information in the process



1. Single cell RNA sequencing (scRNA-seq)

- Why is raw scRNA-seq data noisy? How can we address this problem?

2. The ideas underlying our proposed solution
- Exploring the power (and the limits) of transfer learning

Overview of my Talk

Single-cell Analysis Via Expression Recovery by 
harnessing eXternal data:

SAVER-X
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Observed True
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ind

𝐹𝑔𝑐 𝑋𝑔𝑐 Biological variations:

• Shared variations across genes

• Purely random, unpredictable variations

▪ Stochastic gene expression and its 
consequences [Cell, 2008]

▪ Functional roles for noise in genetic 
circuits [Nature, 2010]

Learning across 
similar genes

Λ ~ some structure

Λ

Idiosyncratic 
variations

Shared variations
across genes

= 𝜆𝑔𝑐 𝐺 ×𝐶

Biological variations

(Biological “noise”)
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𝐻𝑔 𝜆𝑔𝑐

Biological noise 
is not just NOISE

Our model setup is intuitive and comprehensive
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Validating the noise model 

Find a situation where true 
distribution is known:

𝑌𝑔𝑐
?

Distribution Deconvolution 
assuming a given noise model:

𝑌𝑔𝑐|𝑋𝑔𝑐 ~
ind

Poisson 𝑙𝑐𝑋𝑔𝑐

𝐻𝑔

𝑋𝑔𝑐 ~
𝑖.𝑖.𝑑

𝐻𝑔

Gene expression distribution deconvolution in single-cell RNA sequencing, PNAS 2018.

Technical noise

𝑌𝑔𝑐|𝑋𝑔𝑐 ~
ind

Poisson 𝑙𝑐𝑋𝑔𝑐

Cell-specific efficiency 
constant (known)

Observed RNA counts:

=

?

Poisson-alpha is well-suited to model technical noise
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Gene expression recovery for single-cell RNA sequencing. Nature Methods 2018.

Achieving a balance between the predicted and the observed 
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Learning across genes

Decomposing the variation in three components 



Can we use existing data in the public domain to 
denoise new scRNAseq datasets being generated?

Data Model Result

If the original study is of relatively low quality

It hasn’t profiled enough cells of a particular type 
that one might be interested in

or



https://singlecell.wharton.upenn.edu/saver-x/

At the backend, we pretrain an autoencoder using publicly available data

Prior

Posterior
Observed

Bayesian shrinkage computes a 
weighted average of the predicted 

values and the observed data.

Filter Genes
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Initialize the weights of the autoencoder by pretraining
on cells extracted from public repositories. The weights
are then updated to fit the target data.

https://singlecell.wharton.upenn.edu/saver-x/


Human-specific

Mouse-specific

Shared Human-Mouse

128 12864 6432

Raw Gene Expression

20,000 20,000
Recovered Gene ExpressionBottleneck Layer

All human denoised

All mouse denoised

Genes

Loss function: maximize (quasi-) log-likelihood
𝐿 Λ, Ԧ𝛼; 𝑌

≈ Negative binomial 𝑌; 𝑔 𝑓 𝑌 Ԧ𝜃



Prior information 
learnt from public data

Estimating the parameters in our model (autoencoder) for better 
initialization

What is transfer learning doing?



Let’s look at how SAVER-X does on real data



Let’s look at how SAVER-X does on real data



Let’s look at how SAVER-X does on real data



Let’s look at how SAVER-X does on real data



Let’s look at how SAVER-X does on real data



While preserving disease-specific 
cell types and their signatures

Denoising datasets in disease settings by borrowing 
information from related datasets in the healthy 

domain



100 cells 1000 cells 8000 cells
8000 cells, 
10% downsampled
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SAVER-X improves correlations between cell surface 
proteins and their corresponding genes



Can mouse data help 
denoise human data?
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Can mouse data help 
denoise human data?



Yes, mouse data help 
denoise human data!



• Training after initialization 
• Cross-validation to only transfer for “predictive” genes
• Empirical Bayes shrinkage for estimating 𝑋

Without cross-validation / EB shrinkage

SAVER-X preserves gene expression patterns that are unique to human

SAVER-X does not bias towards external data



1. Single cell RNA sequencing (scRNA-seq)

- Why is raw scRNA-seq data noisy? How can we address this problem?

2. The ideas underlying our proposed solution
- Exploring the power (and the limits) of transfer learning

3. Statistical inference on the denoised values: why you should care

Overview of my Talk



Uncertainty-adjusted Euclidean distance between cells

𝐸[ 𝑋𝑐 − 𝑋𝑐′
2 |𝑌] = 𝑋𝑐 − 𝑋𝑐′

2
+

𝑔

ො𝑣𝑔𝑐 +

𝑔

ො𝑣𝑔𝑐′

versus

Sampling of 𝑋𝑔𝑐 from its posterior distribution

Propagating uncertainty in downstream analyses

Gene-level analyses:

Cell-level analyses:

Determining gene-gene correlations

Inference of regulatory networks

Computing cell-to-cell distance for clustering or visualization



Raw Data No adjustment Analytical  correction

Working with SAVER-denoised Values

Sampling from the posterior
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𝜆𝑐𝑔| 𝑌𝑐𝑔, 𝜇𝑐𝑔, ො𝜎𝑐𝑔 ∼ Γ( መ𝜆𝑐𝑔, 𝑣𝑐𝑔)

𝐶𝑜𝑟 𝜆𝑐𝑔, 𝜆𝑐𝑔′

= 𝐶𝑜𝑟 መ𝜆𝑐𝑔, 𝜆𝑐𝑔′ × 𝑓𝑔 × 𝑓𝑔′

𝑓𝑔 has simple analytical formula.   

Recovering gene–gene relationships
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The SAVER framework has been validated by third parties

Andrews and Hemberg. F1000 Research (2019)

Tian et al. scRNA-mixology (2018)



https://www.biorxiv.org/content/10.1101/457879v2

Take Home Messages

1. Transfer learning in single-cell transcriptomics improves data 
denoising and pattern discovery

2. Denoise your single cell transcriptomics data using our gateway: 

3. Put your statistical hat on while using the denoised values for 
identifying new biomarkers (target cell types and/or genes)

https://singlecell.wharton.upenn.edu/saver-x/

https://www.biorxiv.org/content/10.1101/457879v2
https://singlecell.wharton.upenn.edu/saver-x/
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