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® Given a set of training data, generate
samples that are likely under the
distribution X2 v Xp

E.g. images, sentences
®m |ikelihood of Elraining data

p(x) — l_lp (xilxler' "'rxi—l)
i=1

X1
® Model conditional distribution of a point L anguage generation with RNN Image generation with PixeICNN
given its context (van den Oord et al., 2016)

charRNN (Sutskever et al., 2011)
LSTM (Graves, 2014)
PixelCNN (van den Oord et al., 2016)
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® Given a set of training data, generate
samples that are likely under the

distribution
E.g. images, sentences ® Pros
®m Likelihood of glraining data Easy to optimize
p(x) — l_lp (xilxler' "'rxi—l) Stable
i=1 ® Cons
® Model conditional distribution of a point Sensitive to the choice of context

given its context
charRNN (Sutskever et al., 2011)
LSTM (Graves, 2014)
PixelCNN (van den Oord et al., 2016)
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Latent variable as
D structure in a generative process th
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B Generation process could benefit from structure and hierarchy
When we write a digit, we decide beforehand which number to write
When we say something, we have an intent in mind to begin with
® Variational autoencoder (VAE) does this via the latent variable z in the model
Latent: unobserved
Tries to capture underlying structure of data
Makes a decision before performing the generation
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® Unsupervisedly learn condensed representation of data through

autoencoding task

Decoder Encode the input into lower-dimensional latent features

These features should allow reconstruction of the input
Optimize model to minimize reconstruction loss, e.g.

ﬁ
L(x,%) = |lx — 2|2
® AE gives features for reconstructing the data
The bottleneck forces the model to learn rich important features of
X

the input by ignoring noise in the data

However, mapping between input and
features are deterministic

Feature extraction

Can we modify the model such that we
can generate more data from it?
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Decoder

ﬁ
ﬁ B |nstead of deterministic mapping, VAE models the
X

distribution of the latent variables
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® Decoder generates new data conditioned on z, i.e. pg(x|z),
such that the new data resembles our training data

B a.k.a generation network

Decoder

m Distribution of latent variable z

ﬁ
ﬁ True posterior: pg(z|x) not known
t
X

Prior: pg(2), initial assumption about how z is distributed

Encoder maps input x to a distribution g4 (z|x)

Encoder In case of gaussian, the encoder outputs vectors of means and std.
dev from which we sample z

B a.k.a recognition network or inference network
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0.14

— P(X)

m A measure of distance between two 0.12 — o
probability distribution 010
Cross entropy minus entropy 008
Dy (Q(x) | P(x)) = H(Q,P) — H(Q) -

H(Q,P) = Ex-q — log P(x) |
H(Q) = Exq — log(Q(x)) o
Q( ) 0.02
X
DKL(Q(x) | P(x)) = EJV“’Q logp(x) 0'00-20 15 -10 -5 0 5 10 15 20

Source: https://wiseodd.github.io/techblog/2016/12/21/forward-reverse-kl/
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logp(x®W) = Ez~qp(zlx) logpg (x V) = Taking
W expectation
E 10 pe(x |Z)p9(Z) ,
z 108 po(z1x®) B Bayes'rule
E 1og P2(xP12)Pe(2) ap(z1x®) ®  Multiply with
2108 (21x®) 14(zlx®D) constant
D1 qapzlx®) q¢(z1xD) ® Logrule
E, logpg (x |Z) E, log—pe(z) + E, log 2o (212 ®)

E, logpe (x©12) — Dy (4 (2| @) 11 p6 () + Dicw. (46 (2] @) 1 26 (z12P)) m KL terms
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B \/AE loss function : ELBO

log P(x(i)) = Ez-q4(2v) log pg (x(i))

Nurul Lubis

po(xD|z)pg(2)
po(z|x®)

E, log

po(xD|2)pg(2) 44 (zIxD)

E, log

E, logpg (x(i)|z) — E, log

ag(z|x®)

po(zlx®) g (zlx®)

pe(2)

+ E, log

g (z|x®)
po(z|x®)

E, logpg (x©12) — Dy, (44 (2| @) 11 24 (2)) + Dicw. (4 (2] @) 1 2 (212 )

decoder

encoder

Z prior

z posterior, not known
and intractable!

By definition, Dg; = 0

hhu
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Taking
expectation

Bayes’ rule

Multiply with
constant

Log rule

KL terms
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logp(x?) = E;~qyz1x) logpe(x”) = Taking
, expectation
po(xV)2)pe(2)
E,log 2o (1x®) ® Bayes'rule
E 1og22(xP12)Pe(2) ap(z1x®) ®  Multiply with
21087 (21x®) 14zlx®D) constant
D1,) — a9 (z1x ™) q¢(zlxY) B Logrule
E,logpy(x™¥|z) — E, log e (D) + E, log 2o (21x®)
logp(x®) 2 E, logpg (x|z) — Dyt (15 (2[x®) Il po(2)) = KL terms

Evidence lowerbound (ELBO)

L(xD, 0, )

N
0%, ¢" = arg maxz L(xD,06,)
i=1
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® Prior: an assumption about L(x®,0,¢) =E,logpg(xD|2) — Dy (q4(z|xD) Il po(2)
how the latent is distributed ( ) ol ) KL( A OLLL )

B For Gaussian-distributed latent, B g4(z|x) is penalized from diverging too far
typically isotropic normal Gaussian is from this form

used as prior

Assumes that each latent variable is
normally distributed

Zero mean,i.e. u=0

The identity matrix as diagonal
covariance matrix, i.e. Z =1

B The diagonal covariance pulls the
encoded latent space g4 (z|x) to have

independent components

A form of regularization
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m VAE:
v Encoder

D
ecoder v Decoder

Vv Loss Function

Not differentiable

®m Solution: reparameterization trick

ﬁ
ﬁ B Problem: can not backpropagate through stochastic layer
X
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z~N(u, o . i C .
(W, 0%) B Main idea: all Gaussian distributions are scaled and

translated versions of the normal distribution

® To draw from N(u, o2):

Draw from N(0,1)
Without reparameterization trick & Scale with ¢ (multiplication)

-

Translate with y (addition)
®m Shifting the stochasticity in z to a parameter-

z=p+toe independent node
We do not require any
backpropagation through ¢
Now we can train with standard
e~N(0,1) NN optimization algorithms

With reparameterization trick ©

m Nurul Lubis



D Relationship between z and x hhu

x “‘ Y B ‘.4
""""JJ: | B Each dimension of z represent a meaningful
...f...' -~ i characteristic of the data

B Example
face rotation (x-axis)
smile (y-axis)

(a) Learned Frey Face manifold
(Kingma and Welling, 2014)
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lity of z
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(a) 2-D latent space

Figure 5: Random samples from learned generative models of MNIST for different dimensionalities

of latent space.
(Kingma and Welling, 2014)
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B |deally, we want each latent dimension to
encode a single generative factor

® VAE tend to map multiple generative factors into
one dimension

B Example: traversing latent dimension which
controls smile causes other changes in the
generated image

Difficult to interpret each dimension
Less generative control

0 ¥ N o W
- a - A L

(Higgins et al., 2017)

t

»
= o
<
»
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D Disentangling the latent space hhu
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A 3-VAL

g B B-VAE (Higgins et al., 2017) disentangle the
'§._:| | i | latent dimensions by modifying the objective
§ ] i iF | E, 1ogpy (x©12) — fDx1. (a9 (2[x ) 1 o (2))

5 Proposal: set § > 1

B |[ntuition: KL term can be viewed as the upper
limit of the representation capacity of z
(Burgess et al., 2018)

Setting § > 1 means increasing the penalty,
decreasing channel capacity

0

1

005 008 0.2 0.50 0.51 0.99

-3 €

Decreased capacity encourages condensed
representation

leamt  single latent mean traversal meanlatent response

variance

pos.Y pos.X  scale rotation rotation

For some conditionally

(Higgins et al., 2017) independent generative factor,
best strategy is to keep them
separate
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m Active area of research!
B Disentanglement is one of 4 meta-priors (Bengio et al., 2012)

Semi-supervised
learning

Disentanglement Hierarchy Clustering

structure

B A survey paper on representation learning with VAE (Tschannen et al., 2018)
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® During generative process with VAE, z is sampled from the prior
Not possible to specify what kind of sample to generate

B CVAE models data and its latent conditioned on some random variables (Sohn et al.,
2015)

B VAE objective:
L(x®D,0,¢) = E,logpg(xV|z) — Dy (CI¢ (z|x@) Il pg (Z))
m CVAE objective:
L(x®D,0,¢) = E,logpg(xP|z,cV) — Dy, (qu (z]|x@, cD) |l pg (Z|C(i)))
The latent distribution is also conditioned on input observation, e.g. labels

CVAE has an additional network, called prior network which models z
conditioned on ¢, i.e. pg(z|c®)
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£ L(x®,0,¢) = E,logpg(x?P|z,c®) — Dy, (q¢(z|x(i),c(i)) I g (z|c(i)))

X
Po (XlZ, C)

-+)e

q¢(z|x, c) Pe(z|c) ® During training, minimize

ﬁ Dx1. (qu (z|x,¢) Il pg (Z|C))

" . The distance between recog. and prior
Recognition network Prior network . .
R network distributions

Input encoder
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£ L(x®,0,¢) = E,logpg(x?P|z,c®) — Dy, (q¢(z|x(i),c(i)) I g (z|c(i)))

£
pe(x|z,c)

-+)e

q¢(z|x, c) Pe(z|c) ® During training, minimize

ﬁ Dx1. (qu (z|x,¢) Il pg (Z|C))

Recognition network Prior network The distance between recog. and prior

network distributions
Input encoder Context encoder

1

C
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. £(x® 6 &) = E. 1 )7 c®) — D M) o (0
2 x12.6) (x®,6,¢) = E, logpg(x@|z,¢®) — Dy, (g4 (z]x®, c®) Il pg (21c?))
o

-+)e

qe(z|x, c) | po(z]0) . m During training, minimize

ﬁ Dy, (qu (zlx,c) |l pg (Z|C))

Recognition network Prior network The distance between recog. and prior

_ network distributions
Input encoder Context encoder
t

® During generation, sample z via py(z|c)
C
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D Application in NLP hhu
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® Sentence generation from continuous ® Challenges
latent space (Bowman et al., 2015) The model tends to favor “low hanging fruit” of
Sequential generation does not capture ’?hehla\;mgt as a ‘é?”'"a RNNLM and ignoring
higher level concept e.g. topic and intent € latent variable
Latent variables provide this concept E, logpe(xV|2) — Dk, (qu (2|x®) 1 g (Z))
B Unlike images, decoder outputs discrete - h : \.
’ Simply work on this Make this zero
tokens AE
store to buy some grocries S B Training strategies
i were to buy any groceries . B}
VAE ﬁo'rses are 23 I;u;, gny grqcerjes . KL anneallng tO encourage the mOdel tO
he said horses the favorite any animal . pass information through z
“no , ” he said . horses the favorite favorite animal . ] L
‘ :u;mw i s;xi;ih.e - horses are my favorite animal . Gradate the KL term weight through training
Pt s-L -t Word dropout to encourage
“talk to me , ” she said . . the decoder to rely on z
“ do n’t worry about it , ” she said .

Randomly replace words
during decoding to <UNK>
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D Application in dialogue hhu

Heinrich Heine
Universitat Disseldorf .

@ <- Utterance ®m Hierarchical Latent Variable Encoder-Decoder
y— Decoder RNN (Serban et al., 2017)

ity
@4 ‘4 ® Two hierarchy of sequence:
g

Dialogue as sequence of turns
Each turn is a sequence of words

Context RNN B Maximize likelihood of next turn given dialogue
‘ “ context
‘-> <- Encoder RNN _ . _ -
® ELBO is modified to include dialogue context

N
log Pg(wy, ..wy) = 2 —Dg1 Qz,b(Zn|W1; o, W) |l PO(Zn|W<n)) + EQw(Zn|W1, ey W) log Pg(Wy|zn, Wen)

Latept is conditioned on Generation is conditioned
previous turns on latent and previous turns
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Baseline: Word-level Reinforcement Learnin Ours: Latent Action Remforcement Learnin
g -earning
Wv1 v:z wva AR w: wvs wvs : S W1 w2 w3 ;WA W5 W6
Encoder U Encoder — [ vt . Reward | ENCODET uﬂ f)—» Encoder —>{ f > ‘ Reward
user turn 1 W1 Wo W3 user turn 2 user turn 1 W1 w2 W3~ user turn 2

B | atent action reinforcement learning (Zhao et al., 2019)
Train a CVAE for dialogue, and perform RL on the latent space
B Shortening the trajectory when performing RL in dialogue

Instead of propagating reward to sequence of words [(wy, w,, w3), (W, ws, Wg)], use the latent
variable z
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B Conclusion

® Pros
Can generate new data
Provides structure in generation
Representation learning in latent space
® Cons

Requires an assumption about the
underlying structure (expressed in the
prior)

Can not be directly optimized
® Other generative methods?

GANSs circumvent the explicit definition

of density while keeping the ability to
sample

Trade-off between some pros and cons
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Potentials
Analysis and visualization

Extract and plot latent structure of data
Semi-supervised learning

Use unsupervisedly learned representation to support
supervised learning (Kingma et al., 2014)

Transfer learning

Use representation learned from a rich-resource task
to complete low-resource tasks (Belhaj et al., 2018)

Reinforcement learning

Use representation learning for state space
abstraction (Higgins et al., 2017)

...and more
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Thank you
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m Data likelihood

p(x) = j p(x|2)p(2)dz

B Posterior density
p(x|z)p(2)

p(x)

p(z]|x) =

32 | Nurul Lubis hhu.de



D Kullback-Leibler divergence hhu

Heinrich Heine
Universitat Disseldorf .

0.14

— PX) DKL(Q(X) [ P(x))

0.12 — Q(X)
Reverse KL yields

B A measure of distance between two 010 | dist
probability distribution 008 closer distance
_ o6 - Accepts smaller
Cross entropy minus entropy N coverage in favor of
Dy (Q(x) Il P(x)) = H(Q,P) — H(Q) good approximation
H(Q,P) = Ex~Q — log P(x) 0.00
H(Q) = Ex-q — log(Q(x)) 0(5)
X ‘ — P(X
Dk (Q(x) Il P(x)) = E, glog - — 0 D (P 11 Q(x))
P(x) | Forward KL yields
B Asymmetric! 006 closer distance
- “zero avoiding”
Dy (Q) 11 P(x)) # Dy (P) 11 Q) °
The first distribution act as “weight” 002
Typical notation: P(x) for true distribution
and Q(x) for approximation T2 45 0 5 0 5 0 52

Source: https://wiseodd.qgithub.io/techblog/2016/12/21/forward-reverse-kl/
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