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b5- Autoencoders (AE)
Variational AE

     b6- Diffusion

RFdiff
biomol syntesis
coding agents?

last day of classes   4/29

we are here

b4_homework due  4/10

b5_homework due   4/24

b5_quiz                    4/17

b6_project due        5/06

Flow Matching

scVI RNA-seq

4/20 Project approval

5/06 Project deadline 11:59



Tell a story
be critical



Self-attention → Transformers → Language Models

Language Models:
Encoders = Mask LMs
Decoders = Autoregressive LMs

AUTOENCODER



AUTOENCODER
=

COMPRESS REPRESENTION OF INPUT DATA

Science 2006



input data(x)         hidden layers         bottleneck (latent z)         hidden layers         output(x’)
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ENCODER DECODER
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D -> d1 -> d2 ->...-> d d -> ...-> d2 -> d1-> D

optimization objective: X X’≈

D � d



input data(x)         hidden layers         bottleneck (latent z)         hidden layers         output(x’)
dimension D dimension Ddimension d < D

x z x’

ENCODER DECODER

AUTOENCODER

D -> d1 -> d2 ->...-> d d -> ...-> d2 -> d1-> D

optimization objective: X X’≈

Encoder D → d (non-linear)
Bottleneck Latent variable z[d]
Decoder d→ D (non-linear)



input data(x)         hidden layers         bottleneck (latent z)         hidden layers         output(x’)
dimension D dimension Ddimension d < D

x z x’

ENCODER DECODER

AUTOENCODER

D -> d1 -> d2 ->...-> d d -> ...-> d2 -> d1-> D

optimization objective: X X’≈

Autoencoder learning:
Unsupervised

The learning taks is simply to achive:
output = x′[D] ≈ x[D]



What is this usefull for?
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What is this usefull for?

The latent variable plays the rol of a communication
channel



Variational Autoencoders (VAEs)

x z x’

ENCODER DECODER

GENERATIVElatent variable

stochastic stochastic

Pθ(z) Pθ(x | z)

VARIATIONAL AUTOENCODER (VAE)

Pdata(x)

optimization objective: Pdata(x) Pθ(x’)≈

Pθ(x)= Pθ(x|z) Pθ(z)∫z
marginal distributiondata distribution

VAE are Generative models
Introduces

Pθ(xz) = Pθ(x | z)Pθ(z)
Such that

Pθ(x) =
∑
z

Pθ(xz)

And we can sample the latent variable from

Pθ(z | x) =
Pθ(xz)

Pθ(x)

HARD!... ENCODER to the rescue!!!
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x z x’

ENCODER DECODER

GENERATIVElatent variable

stochastic stochastic

Pθ(z) Pθ(x | z)

VARIATIONAL AUTOENCODER (VAE)

Pdata(x)

optimization objective: Pdata(x) Pθ(x’)≈

Pθ(x)= Pθ(x|z) Pθ(z)∫z
marginal distributiondata distribution

VAE are Generative models
And then we can sample the latent variable from

Pθ(z | x) =
Pθ(xz)

Pθ(x)

HARD!... ENCODER to the rescue!!!
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training objective: X X’≈

AUTOENCODER

Encoder: y[d1] = RELU(x[D]@W 1[D, d1])

Bottleneck: z[d]
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training objective: X X’≈

AUTOENCODER

Decoder. Last layer activation:

1. INPUTs are arbitrary continuous [x ∈ RD]: no activation

x′ = output ∈ RD

2. INPUTs are values [x ∈ [0, 1]]]: sigmoidal activation

x′i =
1

1 + e−outputi
∈ [0, 1]

3. INPUTs is a categorical distribution [x ∈ [0, 1] and
∑
i xi = 1]: softmax activation

x′i =
e−outputi∑D
i′ e
−outputi′
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training objective: X X’≈

AUTOENCODER

The AE Loss

1. INPUTs continuous[x ∈ RD]: MSE

MSE(x, x′) =
1

D

D∑
i=1

(xi − x′i)
2

2. INPUTs categorical distribution[x ∈ [0, 1] and
∑
i xi = 1]: CrossEntropy

CrossEntropy(x, x′) = − 1

D

D∑
i=1

xi log(x
′
i)



Connection of AE to PCA

x1
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Yd

WD,d
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Wd,D

d < D

x x’
’

’

PCA: 
X’ = WT X W

from AUTOENCODER to PCA

T

Y = X W(linear activation)

Loss = ||X’-X||2 

Science 2006



GENEEX Autoencoder
(National Cancer Institute)



Gene Expression Profiles from single-cell sequencing (RNA-seq)

cell 1
cell 2

cell C

gene 1 gene 2

gene G

genome

gene 1 gene 2

gene G

       cell 1
RNA-seq reads

counts[c,g]

normalized_counts[c,g] =  

log-normalized[c,g] = log (1 + normalized_counts[c,g])  

counts[c,g]
∑g’counts[c,g’]

different libraries have different sequencing depths
some samples may have more RNA than others



GENEEX AutoEncoder



Latent dimension 128 Latent dimension 2
GENEEX autoencoder

(a) (b)

3 clusters of 2,000 cells each
each cell has 1,000 genes

each cluster over expresses 1/3 of the genes



the (great) reference



Generative/Discriminative Modeling
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training objective: X X’≈

AUTOENCODER

Encoder: y[d1] = f(x[D]@W 1[D, d1])

Bottleneck: z[d] with d < D undercomplete AE



d >> D  (d = 32xD)    overcomplete AE
sparcity by using a L1 reg loss on activations f()

Sparse Autoencoders

∑i(xi-xi
’)2 + ∑i |f(x)_i|



AutoEncoder (AE)

ENCODER DECODER
GENERATIVE

prior distribution

stochastic stochastic

Pθ(z) Pθ(x | z)

VAE

Pdata(x)
optimization objective: Pdata(x) Pθ(x)≈

Pθ(x) = Pθ(x|z) Pθ(z)∫z
marginal distributiondata distribution

AE

optimization objective: x x’≈

x z x’

ENCODER DECODER

latent variable

variational
DISCRIMINATIVE

Variational AutoEncoder (VAE)
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Variational AutoEncoder (VAE)

The VAE DECODER is a generative model
Pθ(xz) = Pθ(x | z)Pθ(z)
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Pθ(xz) = Pθ(x | z)Pθ(z)
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AutoEncoder (AE)
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GENERATIVE

prior distribution

stochastic stochastic

Pθ(z) Pθ(x | z)

VAE
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optimization objective: Pdata(x) Pθ(x)≈
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intractable!!!!

Variational AutoEncoder (VAE)

The VAE DECODER is a generative model
Pθ(xz) = Pθ(x | z)Pθ(z)



ENCODER DECODER

GENERATIVE

x

DISCRIMINATIVE

qρ(z | x)

latent variable

variational distribution

stochastic stochastic

Pθ(z)

Pθ(z | x)

Pθ(x | z)

VARIATIONAL AUTOENCODER (VAE)

intractable!!!!

tractable

≈?

Pθ(x)= Pθ(x|z) Pθ(z)∫zPdata(x)

optimization objectives: 
Pdata(x) Pθ(x)≈

marginal distribution

Pθ(z | x) ≈ qρ(z | x)

N(0,I)
variational distribution

categorical
Normal
Negative binomial

= N(z; µ(x), σ(x))

Encoder/Decoder Optimization is done all at once!
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training objectives: P*(X) ≈

VARIATIONAL AUTOENCODER (VAE)

P*(X) Pθ(X|Z)

σ

μ 

Pθ(Z | X)≈

Z1

ZN

sample

stochasticstochastic

qµσ(z | x)

softmax

P1

PDPθ(x)= Pθ(x|z) Pθ(z)∫z
categorical
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VARIATIONAL AUTOENCODER (VAE)

P*(X) Pθ(X|Z)

σ

μ 
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ZN

sample

stochasticstochastic

qµσ(z | x)

softmax

P1

PDPθ(x)= Pθ(x|z) Pθ(z)∫z
categorical

VAE are Deep Learning Variable Models (DLVM)
DLVMs use neural networks architectures to train parameters

The VAE decoder uses NNs to train θ in Pθ(x | z)
The VAE encoder uses NNs to train µ, σ in q(z | x) = N(µ(x), σ(x))



x1

xD

Y1

YK

WIK

V1

VL

WKL

x1

xD

Y1

YK

WKI

V1

VL

WLK

latent variable
  distributioninputs outputs

ENCODER DECODER
X

q(z|x) = N( z, μ(x),σ(x) )

’

’

’

’

’

’

’ ’’

training objectives: P*(X) ≈

VARIATIONAL AUTOENCODER (VAE)
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ZN

sample

stochasticstochastic

qµσ(z | x)

softmax

P1

PDPθ(x)= Pθ(x|z) Pθ(z)∫z
categorical

The two optimization objectives in a VAE are

I Pdata(x)≈Pθ(x) =
∫
z Pθ(x | z)Pθ(z)

the generative model’s marginal fits the data

I qµ,σ(z | x) = N(z;µ(x), σ(x))≈Pθ(z | x) = Pθ(x|z)Pθ(z)
Pθ(x)

the inference model fits the generative model’s posterior



The Important Quantity in Unsupervised Learning

min
θ
DKL(Pdata||Pθ(x)) = min

θ

∫
x
Pdata(x) log

Pdata(x)

Pθ(x)

= max
θ

∫
x∼Pdata

logPθ(x)

maxθ
∫
x∼Pdata logPθ(x)



maxθ
∫
x∼Pdata logPθ(x)

Why do we need a “variational inference” (VI)
approach to optimize?

Because we don’t know Pθ(x) directly

ENCODER DECODER
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optimization objective: Pdata(x) Pθ(x)≈

Pθ(x) = Pθ(x|z) Pθ(z)∫z
marginal distributiondata distribution

variational
DISCRIMINATIVE N(0,I)

categorical
Normal
Negative bionmial

We only know Pθ(xz) [Pθ(x | z)Pθ(z)]



maxθ
∫
x∼Pdata logPθ(x)

Why do we need a “variational inference” (VI)
approach to optimize?

Because we don’t know Pθ(x) directly

ENCODER DECODER
GENERATIVE

prior distribution

stochastic stochastic

Pθ(z) Pθ(x | z)

VAE

Pdata(x)
optimization objective: Pdata(x) Pθ(x)≈

Pθ(x) = Pθ(x|z) Pθ(z)∫z
marginal distributiondata distribution

variational
DISCRIMINATIVE N(0,I)

categorical
Normal
Negative bionmial

We only know Pθ(xz) [Pθ(x | z)Pθ(z)]



maxθ
∫
x∼Pdata logPθ(x)

Why do we need a “variational inference” (VI)
approach to optimize?
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VAE
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Variational Inference

logPθ(x) = log

[∫
z

Pθ(x z) dz

]
= log

[∫
z

qϕ(z | x)
qϕ(z | x)

Pθ(x z) dz

]
≥
∫
z

qϕ(z | x) log
[
Pθ(x z)

qϕ(z | x)

]
dz Jensen’s inequality

= Eqϕ(z|x) log

[
Pθ(x z)

qϕ(z | x)

]
= ELBO(ϕ, θ, x)

ELBO = Evidence Lower Bound



the ELBO is the Loss

ELBOϕθ(x) = Eqϕ(z|x)

[
Pθ(x z)

qϕ(z | x)

]
= Eqϕ(z|x) [logPθ(x, z)− log qϕ(z | x)] .

logPθ(x) ≥ ELBO(ϕ, θ, x)

Proxy to
maxθ Ex∼Pdata

logPθ(x)

We maximize the ELBO
maxϕ,θ Ex∼Pdata

ELBO(ϕ, θ, x)



The Variational Inference approach
Alternative derivation

logPθ(x) = Eqϕ(z|x) [logPθ(x)]

= Eqϕ(z|x)

[
log

Pθ(x, z)

Pθ(z | x)

]
= Eqϕ(z|x)

[
log

Pθ(x, z)

qϕ(z | x)

qϕ(z | x)

Pθ(z | x)

]
= Eqϕ(z|x)

[
log

Pθ(x, z)

qϕ(z | x)

]
+ Eqϕ(z|x)

[
log

qϕ(z | x)

Pθ(z | x)

]
Because the second term

Eqϕ(z|x)

[
log

qϕ(z|x)
Pθ(z|x)

]
= DKL(qϕ(z | x)||Pθ(z | x)) ≥ 0,

then

logPθ(x) ≥ ELBOϕθ(x) = Eqϕ(z|x)

[
log Pθ(x,z)

qϕ(z|x)

]



One ELBO Loss does it all
Two for One

log Pθ(x)
log Pθ(x)

ELBO(x,)

ELBO(x,θ,φ)

θ φ
ELBO              log Pθ             

The generative model
   model gets better

ELBO              

DKL(qφ | pθ)

log Pθ(x) ≥ ELBO(x,θ,φ) 

The discriminative
 model gets better

log Pθ(x) = ELBO(x,θ,φ)  + DKL(qφ | pθ)

qφ(z|x)  ≈  pθ(z|x)
DKL(qφ | pθ) ≈ 0



Figure 2.1 Kingma & Welling, 2019

 An introduction to VAE, Kingma & Welling, 2019

Variational Autoencoder
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Variational Autoencoder

qφ(z|x)  ≈  pθ(z|x)



the reparameterization trick
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VARIATIONAL AUTOENCODER (VAE)

P*(X)
Pθ(X|Z) = N(X | μ(z),σ)  

σ

μ Z1

ZN

sample

stochasticstochastic

q(z|x) = N( z, μ(x),σ(x) )

μ(z) 

μ1 

μN 

σ1

σN

μ1 

μD 

In PyTorch, a stochastic node samples from a probability distribution.
stochastic nodes cannot be directly backpropagated

we need a deterministic node



The reparameterization trick
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stochasticstochastic

qµσ(z|x) = N( z; μ(x),σ(x) )

μ(z) 

μ1 

μN 

σ1

σN

μ1 

μD 

Pθ(z|x) = 
Pθ(x)= Pθ(x|z) Pθ(z)∫z

optimization objectives: 
Pdata(x) Pθ(x)≈

Pθ(z | x) ≈ qµσ(z | x)

GENERATIVEDISCRIMINATIVE

Pθ(x|z) Pθ(z)
Pθ(x)

qµσ(z|x) Pθ(z) Pθ(x|z)

≈

≈
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Variational Autoencoder

qφ(z|x)  ≈  pθ(z|x)
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instead of z directly

AutoEncoder Forward loop



instead of z directly

instead of z sampled from q(z|x) 
using the reparameterization trick







One ELBO Loss does it all
Two for One

log Pθ(x)
log Pθ(x)

ELBO(x,)

ELBO(x,θ,φ)

θ φ
ELBO              log Pθ             

The generative model
   model gets better

ELBO              

DKL(qφ | pθ)

log Pθ(x) ≥ ELBO(x,θ,φ) 

The discriminative
 model gets better

log Pθ(x) = ELBO(x,θ,φ)  + DKL(qφ | pθ)

qφ(z|x)  ≈  pθ(z|x)
DKL(qφ | pθ) ≈ 0



z conditional / z prior



VAE Loss
ELBOϕθ(x) = Eqϕ(z|x) [logPθ(x, z)− log qϕ(z | x)]

= Eqφ(z|x) log
Pθ(x, z)

qϕ(z | x)

= Eqφ(z|x) log
Pθ(x, z)

Pθ(z)

Pθ(z)

qϕ(z | x)

= Eqφ(z|x) log
Pθ(x, z)

Pθ(z)
+ Eqφ(z|x) log

Pθ(z)

qϕ(z | x)

= Eqφ(z|x) logPθ(x | z)−DKL(qϕ(z | x)||Pθ(z))

V AE LOSSϕθ(x) = −ELBOϕθ(x)

= −Eqφ(z|x) logPθ(x | z) +DKL(qϕ(z | x)||Pθ(z))





VAE Loss
V AE LOSSϕθ(x) = −Eqφ(z|x) logPθ(x | z) +DKL(qϕ(z | x)||Pθ(z))

Because qϕ(z | x) and Pθ(z) are both Normal

DKL(N(µϕ(x), σ2(x)||N(0, 1)) = −1
2

∑d
i=1(1 + log σ2i − µ2i − σ2i )

V AE LOSSϕθ(x) = −Eqφ(z|x) logPθ(x | z)− 1
2

∑d
i=1(1+log σ2i −µ2i −σ2i )





VAE Loss
V AE LOSSϕθ(x) = −Eqφ(z|x) logPθ(x | z) +DKL(qϕ(· | x)||Pθ(·))

If this generative model is Normal,
logPθ(x | z) = −1

2 ||x− µθ(z)||
2 + constant.

Thus, minimizing the

−Eqϕ(z|x) logPθ(x | z)

is equivalent to minimizing the mean square error

V AE LOSSϕθ(x) = Eqϕ(z|x)||x−µθ(z)||2−
1
2

∑d
i=1(1 + log σ2i −µ2i −σ2i )



VAE Loss

If VAE generative P(x|z) is Normal
this term is equivalent to the AE loss



scVI: VAE for single-cell
transcriptomics

Dec 2018



Gene Expression Profiles from single-cell sequencing (RNA-seq)

cell 1
cell 2

cell C

gene 1 gene 2

gene G

genome

gene 1 gene 2

gene G

       cell 1
RNA-seq reads

counts[c,g]

normalized_counts[c,g] =  

log-normalized[c,g] = log (1 + normalized_counts[c,g])  

counts[c,g]
∑g’counts[c,g’]

different libraries have different sequencing depths
some samples may have more RNA than others



Single-cell transcriptomics

cells

latent
   z

   clusters of cells with 
similar gene expression

differentially expressed genes

cluster1 cluster2 cluster3

  differentially 
expressed gene

  differentially 
expressed gene

highly expressed gene
regular expression gene

cluster1
  cells

cluster2
  cells



Single-cell transcriptomics
cortex

latent variable 2D projectionlatent variable distance matrix



scVI method



scVI method

     inputs
(obs counts
   gene/cell)

variational
  encoder

generative
  encoder

  latent
variables

   outputs 
(exp counts
  gene/cell)
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scVI (single-cell variational inference) 
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ZD
sample

generativevariational

μz[n,D] 

P(c|z) = NB(c;μc(z), θ)

ρ[n,G]

q(z|x) = N( z ; μz(x),σz(x) )

softmax

ReLU ReLU ReLU

2

2 ReLU

P(z) =N(z;0,I)

 observed 
expression 
  counts
 per cell (n) 
and gene (g) 
    x(n,g) 

 expected
 expresion
frequencies
  per gene
     ρ[n,g] 
 

dropout dropout dropout dropout
BatchNorm BatchNorm BatchNorm BatchNorm

reparameterization trick

μc[n,g] = L(n) * ρ[n,g]  L[n] total counts per cell(n)



scVI Inputs

inputs = expression level per cell for all genes

[ 0.,  0.,  0.,  0., 19., 10., 15.,  0.,  0.,  0., 18., 16.,  0.,  0., 16.,  0.,  0.,  0.,  0.,  0.,  0.,  0.,  0.,  0.,  0.]
[19., 13.,  0.,  0.,  0., 14.,  8., 11., 14., 18.,  0.,  0., 11.,  0., 16.,  0., 26., 14., 12., 20., 14.,  0.,  9.,  0., 18.]
[ 0.,  0.,  0.,  0.,  0., 18.,  9.,  0., 16.,  0., 17.,  0.,  0.,  0., 21., 13.,  0.,  0., 19.,  0.,  0.,  0.,  0.,  0.,  0.]
[14.,  0.,  0.,  0., 16.,  0.,  0.,  0.,  0.,  0.,  0., 15.,  0.,  0.,  0.,  0.,  0.,  0.,  0., 14.,  0.,  0.,  0.,  0., 19.]
[ 0.,  0.,  0., 12., 18., 10.,  0., 15.,  0., 14.,  0.,  0., 18., 12.,  0.,  0.,  0.,  0., 20., 17., 13.,  0.,  0.,  0.,  0.]
[ 0.,  0.,  0.,  0.,  0., 11.,  0.,  0.,  0.,  0., 10.,  0.,  0., 14.,  0.,  0.,  0., 19.,  0.,  0., 16.,  0.,  0.,  0.,  0.]

cell_1
cell_2
cell_3
cell_4
cell_5
cell_6

RNA expresion counts per gene (g) and cell (n)
gene1 gene2 gene3 gene25

x[n,g] = normalized_counts[n,g] =  

x[n,g] = log-normalized[n,g] = log (1 + normalized_counts[n,g])  >= 0  

counts[n,g]
∑g’counts[n,g’]

L[n] = ∑g log (1 + counts[n,g])  

inputs = cell-specific scaling factor (one per cell)

counts[n,g]

OR
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scVI (single-cell variational inference) 
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P(c|z) = NB(c;μc(z), θ)
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softmax

ReLU ReLU ReLU
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2 ReLU

P(z) =N(z;0,I)

 observed 
expression 
  counts
 per cell (n) 
and gene (g) 
    x(n,g) 

 expected
 expresion
frequencies
  per gene
     ρ[n,g] 
 

dropout dropout dropout dropout
BatchNorm BatchNorm BatchNorm BatchNorm

reparameterization trick

μc[n,g] = L(n) * ρ[n,g]  L[n] total counts per cell(n)



scVI probability distributions

(Encoder) Posterior of latent variable (standard)

q(z | x) = N(z; µz(x), σ
2
z(x))

(Decoder) Prior for latent variable (standard)

Pθ(z) = N(z; 0, I)

(Decoder)

Pθ(x | z) =?



Pθ(counts | z)?

cannot be a categorical distribution
cannot be a Normal distribution

counts[g] ≥ 0

can take arbitrary values → Not categorical variable
is a discrete variable
semi-definite positive



Negative binomial distribution

P (c | z) = NB(c | µ, θ) = Γ(c+θ)
Γ(c+1)Γ(θ)

(
µ
µ+θ

)c (
θ

θ+µ

)θ
for µ = µx(z)[g], θ = θ[g], and c = c[g].

parameters:

mean
µx(z)[G]

trained by the decoder network

dispersion
θ[G]

trained independently of the latent variable.
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2 ReLU
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expression 
  counts
 per cell (n) 
and gene (g) 
    x(n,g) 

 expected
 expresion
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dropout dropout dropout dropout
BatchNorm BatchNorm BatchNorm BatchNorm

reparameterization trick

μc[n,g] = L(n) * ρ[n,g]  L[n] total counts per cell(n)



Why NB?
Negative binomial

μ  = 10 μ  = 100

θ = 5.0 θ = 5.0

θ = 2.0 θ = 2.0



scVI decoder trains
The mean proportion of transcrips expressed per cell

0 ≤ ρ[n, g] ≤ 1

such that∑G
g=1 ρ[n, g] = 1 for alln.

The NB mean is

µx[n, g] = ρ[n, g]× l[n]

where l[n] is the cell-specific scaling factor
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q(z|x) = N( z ; μz(x),σz(x) )
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  counts
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μc[n,g] = L(n) * ρ[n,g]  L[n] total counts per cell(n)



Zero-Inflated Negative binomial
μ  = 10 θ = 5.0

� = 0.0 � = 0.04

For c = 0

PZINB(c = 0) = π + (1− π)× PNB(0)

For c > 0

PZINB(c) = (1− π)× PNB(c)



Zero-Inflated Negative Bionmial (ZINB)

cell_1
cell_2
cell_3
cell_4
cell_5
cell_6

gene1 gene2 gene3
[15., 23., 16., 16., 14., 18., 16.]
[20., 18., 27., 19., 16., 21., 11.]
[11., 16., 17.,  9.,  7., 15., 16.]
[17.,  4., 18., 20., 15., 13., 24.]
[14., 18., 13., 19., 17., 17., 16.]
[21., 16., 18., 18., 11., 13., 15.]
[15., 19., 13., 13., 15., 11., 17.]
[17., 22., 14., 16., 20., 15., 15.]
[13., 20., 18., 15., 19., 13., 17.]
[13., 15., 14., 18., 18., 19., 17.]

cell_7
cell_8
cell_9
cell_10

[4.7707]
[4.8828]
[4.5109]
[4.7095]
[4.7362]
[4.7185]
[4.6347]
[4.7791]
[4.7449]
[4.7362]

log(counts per cell)gene7

cell_1
cell_2
cell_3
cell_4
cell_5
cell_6

gene1 gene2 gene3

cell_7
cell_8
cell_9
cell_10

log(counts per cell)gene7

Negative Binomial

Zero-Inflated Negative Binomial

[ 0., 14.,  0.,  0.,  0.,  0.,  0.]
[ 0.,  0.,  0.,  0.,  0.,  0., 17.]
[20., 15., 16.,  0., 18.,  7.,  0.]
[ 0., 11.,  0.,  0.,  0.,  0.,  0.]
[19.,  0.,  0.,  0.,  0.,  0.,  0.]
[ 0.,  0.,  0., 11.,  0.,  0.,  0.]
[16.,  0.,  0.,  0., 17., 21.,  0.]
[ 0.,  0.,  0.,  0.,  0.,  0., 15.]
[ 0.,  0.,  0.,  0.,  0.,  0., 24.]
[ 0.,  0.,  0.,  0.,  0.,  0.,  0.]

[  2.6391]
[  2.8332]
[  4.3307]
[  2.3979]
[  2.9444]
[  2.3979]
[  3.9890]
[  2.7081]
[  3.1781]
[-18.4207]

r = 500  (number of failures to stop)
p = 0.03 (probability of success)

r = 500  (number of failures to stop)
p = 0.03 (probability of success)
� = 0.7  (zero-inflation probability)
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 observed 
expression 
  counts
 per cell (n) 
and gene (g) 
    x(n,g) 

 expected
 expresion
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scVI method

     inputs
(obs counts
   gene/cell)

variational
  encoder

generative
  encoder

  latent
variables

   outputs 
(exp counts
  gene/cell)



scVI Forward loop

μc[n,g], θ(g)   

μc[n,g] = L(n)*ρ[n,g]  

ρ[n,g]  

L(n)  

μz(x), logσ2
z(x) 

z ~ N(μz(x), logσ2
z(x) ) 

θ(g)  

μz(x), logσ2
z(x) 

z 



scVI Loss



scVI Training loop



cell clustering



Differential gene expression
Two cells na and nb,

Hypothesis 1
H1(g) =| ρ(na, g)− ρ(nb, g) |> k

Hypothesis 2
H2(g) =| ρ(na, g)− ρ(nb, g) |≤ k



We can test those hypotheses as follows

I Given the counts xga = x(na, g) and xgb = x(nb, g), sample latent
variables from the variational distribution
q(z | xga) −→ (zga)(s) S samples
q(z | xgb) −→ (zgb )(s) S samples

I With those sampled latent variables, using the decoder, calculate
normalized expressions for the gene
(ρga)(s)

(ρgb)
(s)

I Then the ratio of the two hypotheses can be calculated as
P (H1)
P (H2)

=

∑
sa,sb

C(sasb)(|ρga−ρgb |>K)∑
sa,sb

C(sasb)(|ρga−ρgb |≤K)

If P (H1)
P (H2)

> 2
twice as likely that g is differentially expressed




