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Recap: The VAE Model

p(z) is a normal distribution in most cases
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Recap: The VAE Model

p(z) is a normal distribution in most cases
p(z)

Neural Networks

Data X ~ P(x,f(z;0))

fis a neural network taking Z as input
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Tralning

p(z)

Neural Networks

Data X ~ P(x,f(z; 0))



Training

p(z)

How to train the model? Can we do MLE?

Neural Networks

Data X ~ P(x,f(z; 0))



Training

p(z)

How to train the model? Can we do MLE?

Neural Networks
Intractable P(X), EM algorithm?

Data X ~ P(x,f(z;0)) / Ve DAL
%
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o(2) Let's try EM

Neural Networks

X ~ P(x, f(z;0))



E-Step: compute P(z|x)

—

Neural Networks 0(2) = P(z]x) o P(2)P(x]2)
—

X ~ P(x,f(z; 0))




o(2) Let's try EM

Neural Networks

X ~ P(x, f(z;0))



o(2) Let's try EM

E-Step: compute P(z|x)

0(z) = P(z|x) «x P(z2)P(x|z) Thisisok?
Neural Networks

X ~ P(x,f(z; 0
(x./(z: ) M-Step: the ELBO objective

@ Q(2)log p(x, z; 0) = argmax,kE,_ o, logp@
<
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o(2) Let's try EM

E-Step: compute P(z|x) 77& X2/

Neural Networks @f) — P(Z‘X) X P(Z)P(X\Z)\‘%is is ok?

X ~ P(x, f(z,0))

M-Step: the ELBO objective L %)

argmax, Z O(2)log p(x, z;0) = argmax@og p(x, z;0)

V4
In most cases, we cannot do the sum, and cannot easily

sample from Q(z) either
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Z;Approximate Posterior

We need an easy-to-sample distribution to approximate P(z|x)




Approximate Posterior

We need an easy-to-sample distribution to approximate P(z|x)

lq(z | x;@to approximate p(z | x; 0)
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We need an easy-to-sample distribution to approximate P(z|x)

q(z| x; @) to approximate p(z|x;6) why conditioned on x?



Approximate Posterior

We need an|easy-to-sample distribution to approximate P(z]|x)

q(z | x; @) to approximate p(z|x;0) why conditioned on x?

@ is the parameter for the approximate function, @ is the generative model

parameter g
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Approximate Posterior

We need an easy-to-sample distribution to approximate P(z|x)

q(z | x; @) to approximate p(z|x;0) why conditioned on x?

@ is the parameter for the approximate function, @ is the generative model
parameter

How to train g(z| x; @), what would be the loss to find ¢?

cosops Lal, g —2 Vol s
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Recap: ELBO

ELBO(z; Q, §) = ZQ ) log Pz, 7 0)

Q(2)

. , R
What i rgmax ., ELBOLX; , 0)




Recap: ELBO

p(x, z;0)

ELBO(z; Q, 6) = ZQ ) log * 0

What is argmaxQ(Z)ELBO(x; 0, 0)? /

ELBO is maximized when Q(z) is equal .@

1_> &2 cA)” fCZZW) /




Recap: ELBO /-«

o
| B p(z, z; Hm /CL (?@V)}é)[{
ELBO(z;Q, 0) = ;Q(z) log 002) J }D :

P21
\\

What is argmaxQ(Z)ELBO(x; 0, 0)? T

ELBO is maximized when Q(z) is equal to p(z|x)

Therefore, we can approximate the true posterior by maxir?/iz'ng ELBO:

(orgmax, Zq(z\x plog L2220

q(z|x; P)
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Recap: ELBO

p(x, z;0)

ELBO(z; Q, §) = ZQ ) log 0

What is argmaxQ(Z)ELBO(x; 0, 0)?

ELBO is maximized when Q(z) is equal to p(z|x)

Therefore, we can approximate the true posterior by maximizing ELBO:

argmax Z q(z|x; ¢p)log 5((2 \’)Zc, qb))

Variational Inference
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E-Step:

M-Step:
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Training VAEs

E-Step:

argmax Z q(z|x; ¢)log 5((2 \’)Zc, ¢))
M-Step:

argmaxgz q(z|x; ¢p)log 5((2 ‘»)an Z))

Same objective, different parameters to optimize



Fm : . %%VM/WM/ ‘nderea "
w ~ Training VAEs

/(2 %) )
E-Step: — E }<cect SV Oﬁ/?/’))/l)

p(x,z; 0)
argmax Z q(z|x; ¢)log m Voeterisn

M-Step:

p(x,z;0)
q(z|x; @) / ™

Same objective, different paraf

argmax, Z q(z|x; p)log ———

calle tional EM

————— = 7

Because we use/appmxlmaie rather than exact posterior, it is also
%:Zarla




Training VAEs

E-Step:
px,z;0)

orgmax, 3, a(z| v fllog =

M-Step:

p(x,z;0)
q(z|x; @)

argmax, Z q(z|x; ¢p)log
<




Training VAEs

E-Step:

argmax Z q(z|x; ¢)log 5((2 \’)Zc, ¢))
M-Step:

argmaxgz q(z|x; ¢p)log 5((2 ‘»)an Z))

Same objective, different parameters to optimize



Training VAEs

E-Step:
p(x,z;0)

argmax Zq(z\x P)log —— )

M-Step:

p(x, z; 0)
q(z|x; P)

Same objective, different parameters to optimize

argmax, Z q(z|x; p)log ———

Because we use approximate rather than exact posterior, it is also
called Variational EM
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Training VAEs

E-Step:
px,z;0)

orgmax, 3, a(z| v fllog =

M-Step:

p(x,z;0)
q(z|x; @)

argmax, Z q(z|x; ¢p)log
<




Training VAEs

E-Step:

argmax Z q(z|x; ¢)log 5((2 \’)Zc’ ¢))
M-Step:

argmaxgz q(z|x; ¢p)log 5((2 ‘»)an Z))

We use MC sampling to approximate expectation
and use gradient descent to optimize &
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;- [y, Training VAEs
] OL% R4S P24
E-Step: / M ot

=
(x,z;0 Can we do gradient
argmax 2 q(z|x; p)log ——— £ °

q(z|x; ¢) descent over ¢h?
D

@/M’Ki@/ 47> 10

VR, | | |
gﬁ W\ | We use MC sampling to approximate expectation
and use gradient descent to optimize &
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Reparameterization Trick

E-Step:
px,z;0)

argmax¢ Z Q(Z ‘ X, ¢)10g m
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Reparameterization Trick

E-Step:
p(x,z;0)
q(z|x; @)

First, we cannot do sum, but we can sample z; from g(z | x; ¢), which
depends on ¢, how do we propagate gradients to ¢?

argmax Zq(z\x P)log ——
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Reparameterization Trick

E-Step:
p(x, z; 0)
q(z|x; @)

First, we cannot do sum, but we can sample z; from g(z | x; ¢), which
depends on ¢, how do we propagate gradients to ¢?

argmax , Z q(z|x; ¢)log
<

Try to express z as a deterministic function 7 = g¢(€,x), where € is an
auxiliary random variable

10



Reparameterization Trick

¥
E-Step: W—

p(x, z;6) o TN,
argmax Z q(z|x; ¢)log W — )
7 q < x9 /

First, we cannot do sum, but we can sample z; from g(z | x; ¢), which
depends on ¢, how do we propagate gradients to ¢?

Try to express z as a deterministic function 7 = g¢(€,x), where € is an
/‘L/é(?,()

auxiliary random variable r
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Reparameterization Trick

E-Step:
p(x, z; 0)
q(z|x; @)

First, we cannot do sum, but we can sample z; from g(z | x; ¢), which
depends on ¢, how do we propagate gradients to ¢?

argmax , Z q(z|x; ¢)log
<

Try to express z as a deterministic function 7 = g¢(€,x), where € is an
auxiliary random variable

z~NWu,6?) —— z=u+00e¢, €~ NO,1)

Can you verify z in this equation is Gaussian?

10



Reparameterization Trick

E-Step:
px,z;0)
q(z|x; P)

For every gradient step (assuming batch size=1):

argmax Zq(z\x P)log —
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Reparameterization Trick

E-Step:
px,z;0)
q(z|x; P)

For every gradient step (assuming batch size=1):

argmax Zq(z\x P)log ——

1. Randomly sample € ~ N(O, 1)

S

T

11



Reparameterization Trick

E-Step:
px,z;0)
q(z|x; P)

For every gradient step (assuming batch size=1):

argmax Zq(z\x P)log —

1. Randomly sample ¢ ~ N(0,1)

2. Obtain z sample a(w: u+o0©e?
_—
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Reparameterization Trick

E-Step:
px,z;0)

q(z\xwﬁ\

For every gradient step (assuming batch size=1):

argmax , Z q(z|x; ¢)log
<

1. Randomly sample ¢ ~ N(0,1)

2. Obtain z sample as 7V = U+oo e l' p
(D). /, P
(X,Z o U /

3. Perform gradient descent w.r.log 20| % )
g\’ | X, —

N

e ———

11



Reparameterization Trick

E-Step:
p(x, z; 0)
q(z|x; @)

For every gradient step (assuming batch size=1):

argmax , Z q(z|x; ¢)log

1. Randomly sample €' ~ N(0,1) We can now propagate

2. Obtain z sample as Z(l) =u+o60e? gradients from z to ¢

p(x, z; 0)
qg(zW | x; P)

3. Perform gradient descent w.r.t. log

11
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p(x,z;60)
X))
D qz|x; p)log Cnd)

<
ELBO is |mplemented with the followmg/or/m
\'M!’ i’zqud,(z\x) [logpg(x\z DKL C]qb Z\
/)

\’/ Reconstruction Loss KL Regularizer
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ELBO

p(x,z;0) _
q(z|x; @)

D qz|x; P)log

<

—2~q(z|X) [lOg pg(X, 7) — lOg ng(z | x)]

ELBO is implemented with the following form:

7 — Dx1.(q¢(2]%)||p(2))

N— —
KL Regularizer

Reconstruction LLoss

Autoencoder /

12






ELBO

<

Sz ~qe (2]X) [logpg(X|Z)] — DKL(QCI)(Z‘X) Hp(Z))
N e N\ e

Reconstruction Loss KL Regularizer

13



ELBO

<

2y (o) [108 P (x[2)] — Dict, (g (21%) |p(2))
—_—

Reconstruction Loss KL Regularizer

Autoencoder Loss

13



ELBO

<

Sz ~qe (2]X) [10%179 (X‘Z)] _ DKL(qu (Z‘X)Hp(z))
N——— e N\ e

Reconstruction Loss KL Regularizer

Autoencoder Loss q(z|x) and re both Gaussian,
there is A closed-form for this
e —
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ELBO

<

Sz ~qe (2]X) log pe(x|z)| — DKL(qd) (z]|x)||p(z))
N —— N\ — !

Reconstruction Loss KL Regularizer

Autoencoder Loss q(z|x) and p(z) are both Gaussian,
there is a closed-form for this

13



ELBO
1 Dxcw(46(2/%) p(2))

— Reconstruction Loss _ KL Regularizer /

AULOENCOUETEE q(z|x) and p(zlafeBath Gaussian,
thereis aflosed-form for this

—

——
[ RZ u Viry @/
\"/C/L C?C%m) | //[% Ly

\

This is why it is called variational “autoencoder”
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Dx1.(q¢(2|x)||p(2))

14
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[ 40210 ao(2) d = [ N3, 0% log Nz, %) d

J 1<

2
= — log(2m) — ;(1 +logo?)

14






raining VAEs

ot

rgmax, EZN%(Z\X) log pe(x|z)]

Reconstruction Loss KL

— Dk1(ge(2x)[[p(2))

z~q g (2|x) [1Og pPe (X‘Z)] o DKL(C]q

Ne—— ——

»(z1x)||p(2)

Reconstruction Loss KL Regularizer

————

15




" os
//@ﬁ’\w Training V7 /( —
E-Step: v

 —
argmaxﬁ <L’zrqub(z\x) logpe (X|Z)] _ DKL(qCﬁ(ZlX)Hp(Z))
N— ——
/ Reconstruction Loss KL Regularizer
M-Step:
argmax;\ “Zzwqc,,(z\x) [logpg(x\z)] — DKL(C]qb(Z‘X)Hp(Z))

N——— —— \—  p—

Reconstruction Loss KL Regularizer

—

Intuitively we hope to approximate p(z|x) with g(z|x) accurately
in the E-step, to approximate the true EM algorithm

15
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Review VAE
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Review VAE

Only the right (black) part defines the

p(2) generative model, and the distribution

q,(z|x)

Itis not part of
the generative
model

Po(x|2)

16



Review VAE

Only the right (black) part defines the

iz generative model, and the distribution
/ :
Po(x | 2): generative network/decoder
Q¢(Z|X) q4(2 | X): inference network/encoder
It is not Po\* ‘ <
part of )

the generative
model]

16



q,(z|x)

Itis not part of
the generative
model

p(z)

Review VAE

Only the right (black) part defines the
generative model, and the distribution

py(x|2): generative network/decoder

VAE is a name to represent both the model p(x)
and the inference network that is used to train
the model, but do not confuse them together

16
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Training VAEs

|

|
Algorithm 1 Minibatch version of the Auto-Encoding VB (ABVB) algorithm. Either of the two

SGVB estimators 1n section 2.3 can be used. We use settings M = 100 and L = 1 in experiments.
0, ¢ < Initialize parameters )
repeat //—/ﬂ/\

XM + Random minibatch of M datapoints (drawn from full dataset)
€ RandoAI/n S 1stribution p(é) - C/ L@ O

radients of minibatch estimator (8))
gra ients g (e. g SGD or Adagrad [DHS10])
until con¥ergence of parameters (0, ¢)

return 0,



Training VAEs

Algorithm 1 Minibatch version of the Auto-Encoding VB (AEVB) algorithm. Either of the two
SGVB estimators 1n section 2.3 can be used. We use settings M = 100 and L = 1 in experiments.

0, ¢ < Initialize parameters

repeat
XM < Random minibatch of M datapoints (drawn from full dataset)
e < Random samples from noise distribution p(e€)

o < Vo LM (0, p;: XM, €) (Gradients of minibatch estimator (8

0, ¢ <+ Update parameters using gradients g (e.g. SGD or Adagrad [DHS10])
un ONVETZENCE OI paramecters (U, @

return 0, ¢
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Training VAEs

Algorithm 1 Minibatch version of the Auto-Encoding VB (AEVB) algorithm. Either of the two
SGVB estimators 1n section 2.3 can be used. We use settings M = 100 and L = 1 in experiments.

0, ¢ < Initialize parameters

repeat —
XM «+ Random minibatch of M datapoints (drawn from full dataset) /- /U]
e < Random samples from noise distribution p(e€)

o <— Vg 4 ZM 0. d: XM  €) (Gradients of minibatch estimator (8

0, ¢ <+ Update parameters using gradients g (e.g. SGD or Adagrad [DHS10])

untii CONvVergence ol parameters (U, ¢

return O,qb
End-te-end, because the objectives are the same

—
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Training VAEs

N

\

Algorithm 1 Minibatch version of the Auto-Encoding VB (AEVB) algorithm. Either of the two
SGVB estimators in section 2.3 can be used. We use settings M = 100 and L = [\1i} éxperiments.

. 1 \
0, ¢ < Initialize parameters

repeat
XM < Random minibatch of M datapoints (drawn from full dataset)
e < Random samples from noise distribution p(e€) / ~

o+ Vo LM (0. 0; XM €) (Gradients of minibatch estimator (8 '
0, ¢ <+ Update parameters using gradients g (e.g. SGD or Adagrad [DHSIC
un ONVETZENCE OI paramecters (U, @

return 0, ¢

End-to-end, because the objectives are the same (ELBO)

mai?ng is optimizing ELBO with gradient descenD

17
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@

log p(x; 0)

ELBO

Recap: EM is Hill Climbing

Only related to @, no 7
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Recap: EM is Hill Climbing

" p

log p(x; 0)

Larger
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log p(x; 0)

Recap: EM is Hill Climbing

&
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Recap: EM is Hill Climbing

log p(x; 0)

Larger

)
fe@x ELBO

OF)

o \
—

QS E-step= p(z|x; 6), making ELBO tight
doesn’t change, because @ does not change
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Recap: EM is Hill Climbing

log p(x; 6)

Larger

E-step: O(2) = p(z|x; 6), making ELBO tight

“dog” doesn’t change, because @ does not change

19



Recap: EM is Hill Climbing

o @(x;@ 7 (27 p

Larger

M-step: max ELBO

0
—
ELBO becomes Iamge\r, and it is not tight
==

anymore because posterior changes

20



Recap: EM is Hill Climbing

log p(x; 0)

Larger

-ste p@aXELB@

/

[ —

ELBO becomes larger, and it is not tight
anymore because posterior changes

20



Recap:EMis H|II Climbing p

log p(x;/ N cor@er S@ La.r.éer
b2l

ELBO becomes larger, and it is not tight
anymore because posterior changes

20
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Is VAE training still Hill Climbing?
Ly 1o

/
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Is VAE training still Hill Climbing?

It is not, because g(z|x) may not be accurate to approximate p(z|x)
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Is VAE training still Hill Climbing?

It is not, because g(z|x) may not be W approximate p(‘z\xD

» monotonically increasin

In VAE training, there is no guarantee tha
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Is VAE training still Hill Climbing?

It is not, because g(z|x) may not be accurate to approximate p(z|x)

In VAE training, there is no guarantee that log p(x) is monotonically increasing

E-Step:

<

argmax,, \tz’“qu(Z\X) log pe(x|z)] — Dk1.(qe(2x)|[p(2))

Reconstruction Loss KL Regularizer

According to EM, @ should be optimized to convergence to have a good
approximation for p(z|x) before conducting the M-step, but VAE does not

21



Is VAE training still Hill Climbing?

It is not, because g(z|x) may not be accurate to approximate p(z|x)

In VAE training, there is no guarantee that log p(x) is monotonically increasing

It just works in many cases

E-Step:

2V

argmax,, \tz“’qu(Z\X) log pe(x|z)] — Dk1.(qe(2x)|[p(2))

Reconstruction Loss KL Regularizer

According to EM, @ should be optimized to convergence to have a good
approximation for p(z|x) before conducting the M-step, but VAE does not

21



The Posterior Collapse Issue

{"zwqd,(z\x) log pe(x|z)] — DKL(Q(IJ (z|x)||p(z))
N e N e

Reconstruction Loss KL Regularizer

22



The Posterior Collapse Issue V4

—

Dx1.(q¢(2]x)||p(2))

<

Sz ~qe (2]%) [log pPe (X‘Z)]
\_\/_/

Reconstruction Loss

In practice, it is often found that after training, q¢(z | x) = p(z))and z and

X becomes independent (especially in applications of NLF

4z

&
2&71‘3/;/\/0] )

7
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The Posterior Collapse Issue

<

Sz ~qe (2]%) [1ng9(x‘z)] — DKL(QdJ (Z‘X) Hp(Z))
N e N\

Reconstruction Loss KL Regularizer

In practice, it is often found that after training, q¢(z | x) = p(z) and z and
X becomes independent (especially in applications of NLP)

/ does not affect x, the model degenerates to a generative model without latent variables

22



The Posterior Collapse Issue 0

rem > y
= | Bpgy e log po(x]2)) KL<q¢<z\x>up<z>
r

\Reconstructi()n Loss KL Regularizer

In practice, it is often found that after training, q¢(z | x) = p(z) and z and

X becomes independent (especially in applications of NLP)

/ does not affect x, the model degenerates to a generative model without latent variables

Researchers commonly blame that the KL regularizer is too strong for this and use a

weigh@< A <Eto control it:

22



The Posterior Collapse Issue

7

z~qq(z|x) [lOg pg(X‘Z)] o DKL(Q(/) (Z‘X) Hp(Z))
— ———

Reconstruction Loss KL Regularizer

In practice, it is often found that after training, q¢(z | x) = p(z) and z and
X becomes independent (especially in applications of NLP)

/ does not affect x, the model degenerates to a generative model without latent variables

Researchers commonly blame that the KL IS too strong for this and use a

weight 0 < 4 < 1 to control it:

Reconstruction Loss <4 ¥ KL regularizer

22



The Posterior Collapse Issue

//UBO €ZNQ¢(Z‘X) [1Og pPe (X‘Z)] — DkL (qc.b (Z‘X) Hp(Z))

—_—

Reconstruction Loss KL Regularizer

In practice, it is often found that after training, q¢(z | x) = p(z) and z and
X becomes independent (especially in applications of NLP)

/ does not affect x, the model degenerates to a generative model without latent variables

Researchers commonly blame that the KL regularizer is too strong for this and use a

weight O < 4 < 1 to control it: could ho ZW/%’Q
\ﬁconstr@mm-é@ KL regularizer 7 ELVZQ

t

This is not a lower-bound of log p(x) anymore and it breaks MLE, bu

what is wrong with@ -




Is VAE training still Hill Climbing?
E-Step:

<

argmax , _#~da(21%) log pe(x|z)] — Dx1.(q4(2[x)[[p(2))
\._\/_/ N———  _——

Reconstruction Loss KL Regularizer

According to EM, @ should be optimized to convergence to have a good
approximation nefore conducting the M-step, but VAE does not

Z
\fCJ »/(\Ot/fvlw"a( G/M \ ,

o 72 W@f bf%ut
@5% JUEN (Pl% \;7) ’; Wl“f [ vé

_
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Is VAE training still Hill Climbing?
E-Step:

<

argmax , _#~da(21%) log pe(x|z)] — Dx1.(q4(2[x)[[p(2))
\_\/_/ N———, _——

Reconstruction Loss KL Regularizer

ing to EM, ¢ should be optimized to convergence to have a goo
approximation for p(z|x) before conductingthe M-step, but VAE does n
\ an we make it closer to EM to have good guarantees?
-
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VAE training that is Closer to EM
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VAE training that is Closer to EM

At every iteration, perform multiple gradient updates of ¢ (E-step) before
performing one step of 8 (M-step) — —

ra

~—_
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VAE training that is Closer to EM

O e———

At every iteration, perform multiple gradient updates of ¢ (E-step) before
verforming one step of @-{MM-steg
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