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The goals of this tutorial are:
m Conception of a Variational Autoencoder architecture with Pytorch

m Conception of a Gaussian Mixture Variational Autoencoder architecture with

Pytorch
m Apply the new model to scRNA-seq cell identification with scanpy and anndata

This presentation accompanies the two jupyter-notebooks
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Variational Autoencoder (VAE): deep learning view
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Variational Autoencoder (VAE): deep learning view

For an unnormalized count matrix x with M rows (cells) and N columns (lines):
® arow x, e NV me {1,..., M} is the VAE input

B X, goes through a fully connected neural network, the encoder, with K€ layers and
parameters ¢ (weights and biases)

® the outputs of the encoder are pi,,, € RP and 02, € (R})F

® the input of the decoder, z,, € R” (latent space random variables) are sampled

from a Gaussian with mean ji,, and variance o2,

B z, goes through a fully connected neural network, the decoder, with K¢ layers and
parameters 6 (weights and biases)

m the outputs of the decoder are £, € NV,

— Parallel computations on GPU: process a batch of x,, at the same time!
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VAE: probabilistic view

m In VAEs, for each input vector x,, of size N, we have the following generative
model:

PO(Zm) = N(Zma 07 IP)?

my<4m) = m mism h
Po(Xms Zm) = Po(Zm)Po(Xm|zm) where {pg(Xm\Zm) _ Hﬁ:l Po(Xm.n|Zm) — likelihood

— The likelihood is parametrized by the output of the decoder.

® We also have the inference model, g, (zm|Xm), where
Gy (Zm|xm) = N (zm, tim, 05 1p) — variational distribution

— The variational distribution g, needs to be learnt in order to approximate the
true intractable posterior py(zm|xm). The variational distribution is
parametrized by the output of the encoder.
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VAE: probabilistic view

m The VAE is trained by maximizing the evidential lower bound (ELBO), it is a lower
bound of the marginal log-likelihood log pg(xm),

log po(xim) = Lo (xm) = Eq, (zy|x)[108 Po(Xm| 2m)] — Dkt (G (2m|xm)po (2m))

(it follows log py(x1, .-, xm) = XM _ log pg(xm) = XM | Lo o (xm))
— VAEs are trained in a unsupervised way

m The likelihood py(xm|zm) is dependent on the application. We now present 3
classical distributions that will be tested on the scRNA-seq data.

m More details about VAEs can be found in (Kingma et al. 2013)
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Continuous Bernoulli (CB) likelihood

m The output of the VAE can be modeled as independent CB variables.
m This supposes that x,, , are in [0,1] — the count matrix needs to be normalized.
m Let A e [0,1]V be the output of the decoder, then:

N
Po(Xm|zm) = Hp (XmnlAn) = [T COWAT™" (1 = Ap)tme
n=1

where 1( )
2tanh™ (1 — 2\,
C(An) = 1 _ 2)\,,

m (Loaiza-Ganem et al. 2019) uses this distribution for VAEs
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Negative Binomial (NB) likelihood

m In case of counting data, the output of the VAE can be modeled as independent
NB variables

m Let re (R})N and p e [0,1]V be the outputs of the decoder, then:

Xm|zm Hp

m (Zhao et al. 2020) uses this distribution for VAEs

N
H an+rn (1_ )Xm’"
pn | pn pn

el rn Xm,n*
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Zero Inflated Negative Binomial (ZINB) likelihood

® In case of counting data, the output of the VAE can be modeled as independent
ZINB variables

m letre (R*)N pe[0,1]V and p e [0,1]V be the outputs of the decoder, then:

N NB
ZINB pn+ (1 = pn)Py'” (Xm,nltns Pn), x =0,
Xm|Z, | | Xm.n|rns Pn, = | |
9 (Xm|Zm) m,nl n, Pn» Pn) 11 {(1 . /)n)Pel)VB(Xm,n|rn7Pn), x> 0.

m (Grgnbech et al. 2020) uses this distribution for VAEs
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Poisson (Poiss) likelihood

® In case of counting data, the output of the VAE can be modeled as independent
Poisson variables

m Let A e (Rf)N be the output of the decoder, then'

N
po(xml|zm) = | | P6** (Xm.nlAn) H F
ne1 Xm nt+1
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Zero Inflated Poisson (ZIPoiss) likelihood

® In case of counting data, the output of the VAE can be modeled as independent
Z|Poisson variables

m Let Ae (Rf)N and p e [0,1]" be the outputs of the decoder, then:

N N Poiss
ZIPoiss pn + (1= pn)py o (XmnlAn), x =0,
Xm|Zm) = | | Xm.n|An, = | | )
Po(Xm|zm) Py ( m,n| n Pn) {(1 _pn)pgo:ss(xmmp\n), x> 0.

n=1 n=1
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Gaussian Mixture VAE |

m Let C be the number of clusters

m Using the previous notations, we further introduce y,,, an hidden categorical latent
random variable with values in {1,..., C}
— Gaussian Mixture prior to better structure the latent space

m Following (Grgnbech et al. 2020), we have the generative network:

PQ(Xm7 Ym» Zm) = PG(Ym)PH(Zm‘Ym)PH(XmD/m’ Zm)

with:
po(ym) = Cat(ym, ),
Po(Zm|ym) = N (zm; po(ym), U%(YmWP);
Po(Xm|Yms Zm) = Po(Xm|Zm) = HLV=1 PeZINB(Xm,n|Zm)a

where we use the ZINB likelihood and choose 7 as an equiprobable distribution.
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Gaussian Mixture VAE Il

m We also have the inference network:

q¢(zm7 Ym|Xm) = q¢(Ym|Xm)q¢>(Zm|Xm’ Ym)

where
q¢(Ym|Xm) = Cat()’m’ﬂ'qb(xm)),
q¢(zm|xma}’m) = N(Zm, ,U«ﬁ(xm,)/m)a Ué(xmd/m)/P)'

m The GMVAE is trained by maximizing the ELBO (for a sample x,):

g@,d)(xm) = IEq¢(z,,,,y,,,|xm) [Iog pO(Xm|Zm7Ym)] - DKL(q¢(Zm7ym|Xm)||p9(zm7ym))-
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Gaussian Mixture VAE Il

® We can show that, with the hypotheses above:

E0.6(Xm) Z T k (Xm [ 6 (zm|xem,ym=k) 108 Po (Xim|Zm) ]

- DKL(q¢>(Zm‘Xm7ym = k)Hpe(Zmb/m = k))
— Di (5 (vm = Klxm)lIPo(ym = )) |

m The y,, is categorical — it should be treated with care: a particular
reparametrization trick is needed!
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VAEs for scRNA-seq data in the literature

Some major papers on the topic are

(Wang et al. 2018): VAE + Binary cross entropy (data scaled to [0, 1])

m (Dony et al. 2020): VAE + VAMP prior 4+ Negative binomial likelihood

m (Grgnbech et al. 2020): Gaussian Mixture VAE + Zero inflated likelihoods
m (Seninge et al. 2021): Semi-supervised VA
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Datasets

1 Mouse Pancreas Single-cell RNA-Seq Dataset
822 cells with 14878 genes from 13 cell types (Baron et al. 2016). Also used with
a Generative Adversarial Network in (Bahrami et al. 2021)

2 Peripheral Blood Mononuclear Cells
9 datasets of different purified cell types from (Zheng et al. 2017)
— 92043 cells with 32738 genes (before preprocessing and subsampling, see
notebook) — Also studied in (Grgnbech et al. 2020).
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organization
data folder:
m files folder: contains the scRNA-seq count matrix files
= datasets.py: contains one class for each dataset to analyze
models folder:

= distributions folder: the probability distribution classes that we use as model
likelihoods

m vae.py: the VAE class

m gmvae.py: the GMVAE class

® utils.py: utility functions (the Multilayer Perceptron submodule)
saved_model_parameters folder: contains the saved parameters of different
models
(Part 1) Cell identification from scRNA-seq data with Variational
Autoencoders.ipynb
reparametrization_trick.qmd
(Part 3) Gaussian Mixture VAE for scRNA-seq data.ipynb
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Average Silhouette Width (ASW)

m Proposed in (Rousseeuw 1987) to evaluate the performance of a given result of a
clustering method

m For a data point pim € G, let

1
3(Nm,n) = G| — 1 Z d(ﬂm,nuu) and b(,UJm,n) min gz |C | Z d( Mm ny M
HEC) 1 pm,n peCy

for some distance d. Then the ASW score is

b(,um,n) — a(/jlm7n)
max(a(ftm,n), b(ftm,n))

S(Nm,n) =

m This metric is used in (Dony et al. 2020)
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Activity of latent random variables

Proposed in (Burda et al. 2015) to evaluate whether latent dimensions encode
useful information about the data — we would expect its distribution to change
depending on the observations.

B The activities score of the latent variable z,, is a real vector of size P such that

Azm = diag(COVXm (Ezm"q(p (Zm|Xm) [Zm]>)

A latent random variable z, , is considered active if A, , > 0.01.

We can also visualize, alternatively, the latent-space covariance matrix
This metric is used in (Dony et al. 2020)
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