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Autoencdoers

@ Designed to reproduce input, especially reproduce the input from a
learned encoding
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Autoencdoers

@ Designed to reproduce input, especially reproduce the input from a
learned encoding

@ We attempted to project the data into the latent space and model it
via a probability distribution
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Autoencdoers

@ Designed to reproduce input, especially reproduce the input from a
learned encoding

@ We attempted to project the data into the latent space and model it
via a probability distribution

@ This wasn't satisfying
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Variational Autoencoders “ e o

@ ‘Regularized’ autoencoder to enforce latent space ‘organization’

Dr. Konda Reddy Mopuri dl - 19/ Variational Autoencoder 3



Variational Autoencoders | R
@ Key idea is to make both Encoder and Decoder stochastic

o instead of encoding an i/p as a single point, we encode it as a
distribution over the latent space

Encoder q,(z/x)
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@ Key idea is to make both Encoder and Decoder stochastic
o instead of encoding an i/p as a single point, we encode it as a
distribution over the latent space
@ Latent variable z is drawn from a probability distribution for the given
input x

Encoder q,(z/x)
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Variational Autoencoders " e o

@ Then, the reconstruction is chosen probabilistically from the sampled z

z

|

Decoder p ¢(x/z)
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VAE Encoder

@ Takes i/p and returns the parameters of a probability density (e.g.
Gaussian, mean and covariance matrix)
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VAE Encoder

@ Takes i/p and returns the parameters of a probability density (e.g.
Gaussian, mean and covariance matrix)

@ We can sample this to get random values of the latent variable z
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VAE Encoder | R

@ Takes i/p and returns the parameters of a probability density (e.g.
Gaussian, mean and covariance matrix)

@ We can sample this to get random values of the latent variable z

@ NN implementation of the encoder gives (for every input x) a vector
mean and a diagonal covariance
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o, =h(x) =h,(h,(x))
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VAE Decoder

@ Decoder takes the latent vector z and returns the parameters for a
distribution
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VAE Decoder

@ Decoder takes the latent vector z and returns the parameters for a
distribution

@ py(x/z) gives mean and variance for each pixel in the output
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VAE Decoder

@ Decoder takes the latent vector z and returns the parameters for a

distribution
@ py(x/z) gives mean and variance for each pixel in the output

@ Reconstruction of x is via sampling
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X = f(z)
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neural network T
decoder _-—

i neural network
] encoder
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VAE loss function

@ Loss for AE: [5 distance between the input and its reconstruction
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VAE loss function Il g

@ Loss for AE: [5 distance between the input and its reconstruction

@ In case of VAE: we need to learn parameters of two probability
distributions
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VAE loss function Il =

@ Loss for AE: [5 distance between the input and its reconstruction

@ In case of VAE: we need to learn parameters of two probability
distributions

@ For each input x; we maximize expected value of returning x; (or,
minimize the NLL)

_Ezwqg(z/a:i) [lOg qu(l‘z/z)]
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VAE loss function

_Equa(Z/wi) [lOg 2 (:UZ/Z)]

@ Problem: Input images may be memorized in the latent space
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VAE loss function Il g

_Equa(Z/wi) [lOg 2 (:UZ/Z)]

@ Problem: Input images may be memorized in the latent space
o — similar inputs may get different representations in z space
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VAE loss function Il g

_EzNQG (z/xs) [lOg 2 (:UZ/Z)]

@ Problem: Input images may be memorized in the latent space

o — similar inputs may get different representations in z space
o — close points in the latent space should not give two completely
different contents once decoded
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A
Pa poinds that are close
intne Latent space are
Similar once decoded
irregular latent space x V

regular latent space
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VAE loss function Il g

_Ez~q9 (z/xs) [lOg P¢ (CL‘Z/Z)]

@ Continuity and Completeness: We prefer continuous latent
representations to give meaningful parameterization (e.g. smooth
transition between i/ps)

Dr. Konda Reddy Mopuri dl - 19/ Variational Autoencoder 14



VAE loss function Il =

_Ez~q9 (z/xs) [lOg P¢ (CL‘Z/Z)]

@ Continuity and Completeness: We prefer continuous latent
representations to give meaningful parameterization (e.g. smooth
transition between i/ps)

@ Solution: Force gy(z/x;) to be close to a standard distribution (e.g.
Gaussian)
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VAE loss function I =

1i(0,9) = —E.qy(z/a:)[l0g Py (wi/2)] + KL(go(2/2:)|[p(2))

@ First term promotes recovery, sencond term keeps encoding
continuous (beats memorization)
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1i(0,0) = —E.vgy(z/ai)log ps(xi/2)] + KL(gp(2/x:i)||p(2))

@ Problem: Differentiating over 6 and ¢

..--. Sampling

El-

CNN
Encoder

CNN
Decoder

¢

—H
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. 8o Modas dens
VAE loss function I =

L0, 9) = —Bangy(z/a)llog Po (i) 2)] + KL(go(2/2:) |p(2))

@ Reparameterization: Draw samples from N(0,1) — doesn't depend on
parameters

= N(0,1)

Ta] s CNN
> and " Decoder — 3
v OE : ¢

1) +VEGD) €

Sampling

CNN
Encoder
0
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Generation with VAE Il g

o Sample z from the prior p(z)
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Generation with VAE Il g

o Sample z from the prior p(z)
o Run z through the decoder (¢) — distribution over data
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Generation with VAE Il g

o Sample z from the prior p(z)
o Run z through the decoder (¢) — distribution over data

o Sample from that distribution to generate the sample x
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Generation with VAE Il g

©

Sample z from the prior p(z)

(]

Run z through the decoder (¢) — distribution over data

©

Sample from that distribution to generate the sample x

©

For simplicity, in practice, only the means of the pixels are inferred
(deterministic)
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Generation with VAE

Figure credits: Wojceich
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Generation with VAE

QUM NANANANNEN Y SYNNNNSN
VAV ELELLLLLW W NN~
QVQAVINININhhbbhbbovvwewew~~
QAVVNINn tnloto e © VOV S W~~~
QAVVHNHINNKGE B BVIVVYY W - ——
QA0 NOHINHININMHHBIBDIIIDY® W = ——
QOQOOMINMNMNMOY®MDIYDI D w - ——
QOOQOMIMN MM MDD DD S - e e —
QODMM MMM M NN 0D D BB e e e —
QOMME MMM N 0O LW P e on am e o —
R L L LT R N R
G ofrororororrrs s oo~
Jaaddddorrrrrrrr N~
addaddadorrrrrr TR NN
SAddddagrrrrrrdITTRTRIRINN
SAdddTTrTrrrrrrdFrrR2TR2RNN
SAFTTTTororr NI RRNN

Figure credits: Kingma et al.

20

dl - 19/ Variational Autoencoder

Dr. Konda Reddy Mopuri



SEEEEEEEES
I B W R AT,
'}”“ sl

;‘;3?‘3,3;‘33- Z




26bab 0888 dend H0% PaTenl
mmﬁw

of Technology Hyderabad

The Evidence Lower Bound (ELBO)
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@ Latent variable — variable which is not directly observable and is
assumed to affect the response variables
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Latent Variable Models “ L

@ Latent variable — variable which is not directly observable and is
assumed to affect the response variables

@ Aim
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Latent Variable Models “ L

@ Latent variable — variable which is not directly observable and is
assumed to affect the response variables

@ Aim

o representing the effect of unobservable covariates/factors
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Latent Variable Models W =i

@ Latent variable — variable which is not directly observable and is
assumed to affect the response variables
@ Aim
o representing the effect of unobservable covariates/factors
o account for measurement errors
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Latent Variable Models

@ Latent variable — variable which is not directly observable and is
assumed to affect the response variables
@ Aim
o representing the effect of unobservable covariates/factors

o account for measurement errors
o controlled/customized generation of the samples

Dr. Konda Reddy Mopuri dl - 19/ Variational Autoencoder 23



Latent Variable Models “ L

@ They model the probability distribution over latent variables
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Latent Variable Models “ L

@ They model the probability distribution over latent variables

@ Because the latent variables explain the data in a simpler way
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Latent Variable Models - terminology N

@ Data samples x follow a distribution p(z)
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Latent Variable Models - terminology " S

@ Data samples x follow a distribution p(z)
@ They are mapped on to latent variable z that follow a distribution
p(2)
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Latent Variable Models - terminology " S

@ Data samples x follow a distribution p(z)

@ They are mapped on to latent variable z that follow a distribution
p(2)

@ p(z) prior distribution that models the behavior of latent variables
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Latent Variable Models - terminology N

@ p(z/z), likelihood, defines how to map latent variables to the data
points
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Latent Variable Models - terminology "

@ p(z/z), likelihood, defines how to map latent variables to the data
points

@ p(z,z) = p(z/z)p(z), describes the model
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Latent Variable Models - terminology " e

@ p(z/z), likelihood, defines how to map latent variables to the data
points

@ p(z,z) = p(z/z)p(z), describes the model

@ Marginal distribution p(x) (goal of the model) describes how likely a
sample is
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Latent Variable Models - terminology " e

@ p(z/z), likelihood, defines how to map latent variables to the data
points

@ p(z,z) = p(x/z)p(z), describes the model

@ Marginal distribution p(z) (goal of the model) describes how likely a
sample is

@ p(z/x), posterior, describes the latent variables that can be produced
by a data sample
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Latent Variable Models - terminology " S

@ Generation - process of computing the data point = from the latent
variable z
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Latent Variable Models - terminology " S

@ Generation - process of computing the data point = from the latent
variable z

@ We move from the latent space to the actual data distribution
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Latent Variable Models - terminology " S

@ Generation - process of computing the data point = from the latent
variable z
@ We move from the latent space to the actual data distribution

@ Represented by the likelihood p(x/z)
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Latent Variable Models - terminology " S

@ Inference - process of finding the latent variable z from the data point
x

Dr. Konda Reddy Mopuri dl - 19/ Variational Autoencoder 28
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Latent Variable Models - terminology " S

@ Inference - process of finding the latent variable z from the data point
x

@ Formulated by the posterior distribution p(z/x)
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Generation-Inference I R
o If we assume that we (somehow) know the likelihood p(x/z), the

posterior p(z/x), the marginal p(z), and the prior p(z)

Generation

p(x)

Inference

p(zlx)

Dr. Konda Reddy Mopuri dl - 19/ Variational Autoencoder 29



#68ab R8BS 2 $03 s

Aim/Question of latent Variable Model s

@ How to find these distributions?
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These can be connected “ e o

@ po(z/z) = pe(w/z()?; (2)

po(x

Dr. Konda Reddy Mopuri dl - 19/ Variational Autoencoder 31
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These can be connected “ e o

@ po(z/z) = po(z/2)po(2)

po(z)
likelihood-prior

@ posterior = Evidence
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These can be connected “ e o

@ po(z/z) = po(z/2)po(2)

po(z)
ior — likelihood:prior
o posterior = Evidence
@ But?
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These can be connected “ L

@ po(z/z) = po(z/2)po(2)

po(z)
ior — likelihood:prior
o posterior = Evidence
@ But?

@ Evidence computation [py(x/z) - pg(z)dz (over all the latent space)
is intractable — can’t compute the LHS
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These can be connected || e

@ polz/z) = Pe(x/z()?; (2)

polz
ior — likelihood:prior
o posterior = Evidence
@ But?

@ Evidence computation [py(x/z) - pg(z)dz (over all the latent space)
is intractable — can’t compute the LHS

® Variational inference suggests to use another (known) distribution
¢s(z/x) to approximate the posterior — (allows to compute the
evidence and sample)
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Variational Inference D =

@ po(z/x) = qy(2/x)
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Variational Inference D =

@ po(z/x) = qy(z/)
@ We have to learn the parameters of g4(2/x)
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of Technology Hyderabad

@ po(z/x) = qy(z/)
@ We have to learn the parameters of g4(2/x)

@ — need to formulate an objective that captures the dissimilarity
between the GT and approximation
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Variational Inference I S

@ po(z/x) = qy(z/)
@ We have to learn the parameters of g4(2/x)

@ — need to formulate an objective that captures the dissimilarity
between the GT and approximation

@ KL Divergence

Dr. Konda Reddy Mopuri dl - 19/ Variational Autoencoder 32
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Variational Inference

® Dicy =By, [log272]
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Variational Inference sz

® Dicy =By, [log272]

@ Note that we don't know the denominator (the GT)
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Variational Inference “

® Dicy =By, [log272]

@ Note that we don't know the denominator (the GT)
@ Drr(gsllpe) = Eqyllog gs(2/7)] — By, [log po(z/x)]
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Variational Inference “

® Dicy =By, [log272]

@ Note that we don't know the denominator (the GT)
@ Drr(gsllpe) = Eqyllog gs(2/7)] — By, [log po(z/x)]

@ Dgr =Egy,llog q4(z/z)] — [log p‘)(f gﬂ
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Variational Inference “

® Dicy =By, [log272]

@ Note that we don't know the denominator (the GT)
@ Drr(gsllpe) = Eqyllog gs(2/7)] — By, [log po(z/x)]

@ Dgr =Egy,llog q4(z/z)] — [log p‘)(f gﬂ

® Dkr =Ey,llog qs(2/7)] — By, [log pe(2, )] + By, [log pe(z)]
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@ Dkr(gellpe) = Eq,llog qs(z/x)] — Eqg,llog pe(z, )] + By, [log pe(z)]
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@ Dkr(gellpe) = Eq,llog qs(z/x)] — Eqg,llog pe(z, )] + By, [log pe(z)]
@ Drr(qgllpe) = By, [log q4(2/ )] — g, [log pe(2, )] + log pe(x)
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@ Drr(gsllpe) = Eqyllog qg(z/x)] — By, llog pe(z, )] + Eq, [log pe(z)]
@ Dkr(gsllpe) = Eqyllog as(z/x)] — Bqyllog pe(z, )] + log pe(x)
@ It is the marginal log likelihood or the log evidence
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@ Drr(gsllpe) = Eqyllog qg(z/x)] — By, llog pe(z, )] + Eq, [log pe(z)]
@ Dkr(gsllpe) = By,llog qe(2/)] — By, llog pe(2, )] + log pe(x)
@ It is the marginal log likelihood or the log evidence

@ We can’t compute because we don't have its analytical form

Dr. Konda Reddy Mopuri dl - 19/ Variational Autoencoder 34
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® Drr(qsllpe) = By, llog qs(2/)] — Eq,[log pe(2, )] + log po(x)
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@ Drkr(qsllpe) = Eqy,llog q4(z/w)] — By, llog pe(2, )] + log pe()
@ log po(w) = —Ey,[log qs(2/x)] + By, llog pe(z, )] + Drc1.(qs||pe)
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Indian Inst

@ Drkr(qsllpe) = Eqy,llog q4(z/w)] — By, llog pe(2, )] + log pe()
@ log py(x) = —Ey,[log g4(2/7)] + By, [log pe(z, )] + DxL(qs||pe)
@ Here, we know that Dk >0

Dr. Konda Reddy Mopuri dl - 19/ Variational Autoencoder 35
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@ Drkr(qsllpe) = Eqy,llog q4(z/w)] — By, llog pe(2, )] + log pe()
@ log py(x) = —Ey,[log g4(2/7)] + By, [log pe(z, )] + DxL(qs||pe)
@ Here, we know that Dk >0

@ log po(r) > —Ey,llog q4(z/x)] + Ey,[log pe(z, v)]
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@ Dkr(gsllpe) = Eqg,llog qs(2/)] — Ey,llog pe(2, )] + log pe(x)
@ log po(w) = —Eqy,llog qs(z/x)] + Eg,llog pe(z,7)] + Drcr(gg!|po)
@ Here, we know that Dk >0

@ log po(r) > —Ey,llog q4(z/x)] + Ey,[log pe(z, v)]

® This is the lower bound on the evidence
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@ Dkr(gsllpe) = Eqg,llog qs(2/)] — Ey,llog pe(2, )] + log pe(x)
@ log po(w) = —Eqy,llog qs(z/x)] + Eg,llog pe(z,7)] + Drcr(gg!|po)
@ Here, we know that Dk >0

@ log py(r) > —Ey,llog qs(2/x)] + By, [log pe(z, )]

® This is the lower bound on the evidence

® Now, in order to reduce the Dy, we can maximize the ELBO
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@ ELBO = —E,[log q4(z/x)] + Ey, [log pe(2, )]
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@ ELBO = —E,[log q4(z/x)] + Ey, [log pe(2, )]
@ ELBO = —E,[log q4(z/x)] + Ey,[log pe(x/2)] + Eq,[log pe(2)]
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@ ELBO = —E,[log q4(z/x)] + Ey, [log pe(2, )]
@ ELBO = —E,[log q4(z/x)] + Ey,[log pe(x/2)] + Eq,[log pe(2)]
@ ELBO = E,,[log po(x/2)] — Eqy,llog q4(2/x)] + By, [log pe(2)]
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ELBO )

@ ELBO = —E,[log q4(z/x)] + Ey, [log pe(2, )]
@ ELBO = —E,[log q4(z/x)] + Ey,[log pe(x/2)] + Eq,[log pe(2)]
@ ELBO = E,,[log po(x/2)] — Eqy,llog q4(2/x)] + By, [log pe(2)]

@ ELBO = Ey,[log ps(/2)] — Eq, {log %(Z/I)]

po(2)

Dr. Konda Reddy Mopuri dl - 19/ Variational Autoencoder 36
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bad

@ ELBO = —E,[log q4(z/x)] + Ey, [log pe(2, )]
@ ELBO = —E,[log q4(z/x)] + Ey,[log pe(x/2)] + Eq,[log pe(2)]
@ ELBO = E,,[log po(x/2)] — Eqy,llog q4(2/x)] + By, [log pe(2)]

@ ELBO = Eqy,[log ps(x/z)] — By, {ZOQ ngz)ﬂ]

® These represent the reconstruction and KLD (approx. posterior, the
prior)
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ELBO

@ ELBO = —E,[log q4(z/x)] + Ey, [log pe(2, )]

@ ELBO = —E,[log q4(z/x)] + Ey,[log pe(x/2)] + Eq,[log pe(2)]

@ ELBO = E,, [log pg(z/z)] — Eq, [log qp(2/x)] + Eg, [log pe(2)]

@ ELBO = Eg,[log po(x/2)] — Ey, {log ngz)x)]

® These represent the reconstruction and KLD (approx. posterior, the
prior)

® VAEs model py(x/z) and gg4(z/x) as neural networks
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