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What is Attention

Scaled Dot-Product Attention
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Multi-Head Self-Attention

15 Jay Alammar. The lllustrated Transformer.
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Multi-Head Self-Attention

16 Jay Alammar. The lllustrated Transformer.



Multi-Head Self-Attention

1) Concatenate all the attention heads M

16 Jay Alammar. The lllustrated Transformer.
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Multi-Head Self-Attention

2) Multiply with a weight

1) Concatenate all the attention heads matrix that was trained
jointly with the model

X

3) The result would be the ~ matrix that captures information
from all the attention heads. We can send this forward to the FFNN

16 Jay Alammar. The lllustrated Transformer.
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Transformer Positional Encoding
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Complexity

Layer Type Complexity per Layer Sequential

— erations
@Attention O(n? - d) Qbk(lh R
ecurrent — O(n-d°) — O(n)
Convolutional O(k -n-d?) O(1)
Self-Attention (restricted) O(r-n-d) O(1)

n is sequence length, d is embedding dimension.

C I\FL/ — d
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Complexity

Layer Type Complexity per Layer Sequential
Operations
Self-Attention O(n? - d) O(1)
Recurrent O(n - d?) O(n)
Convolutional O(k -n-d?) O(1)
Self-Attention (restricted) O(r-n-d) O(1)

n is sequence length, d is embedding dimension.

Restricted self-attention means not attending all words in the
sequence, but only a restricted field

——

——
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Auto-Encoding Variational Bayes

Diederik P. Kingma Max Welling
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VAE is a Generative Model

p(z): multinomial , k
classes(e.g. uniform)

Label

k (> 21)s (g5 29), -+ - (Mg 2p)

Data @éussian Mixture Model (GMM)
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The VAE Model

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

Data
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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))
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Training

p(z)

How to train the model? Can we do MLE?

Neural Networks

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

Neural Networks

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

argmaxez Q(9)log p(x, z; 0) = argmax,k, ., log p(x, z; 0)

4
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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

argmaxHZ Q(9)log p(x, z; 0) = argmax,k, ., log p(x, z; 0)
<

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

sample from Q(z) either
31



Approximate Posterior

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

32



Recap: ELBO

ELBO(z;Q, 0) = ZQ ) log Pz, 7 0)

Q(2)

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

p(x, z;0)

ELBO(z; Q, §) = ZQ ) log 00

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

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

p(x, z;0)

ELBO(z; Q, §) = ZQ ) log 00

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))
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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
33



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
<
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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

34



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
<
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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))

We use MC sampling to approximate expectation
and use gradient descent to optimize &
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Training VAEs

E-Step:
p(x,z;6)  Can we do gradient

argmax, Z 9(z|x; ¢)log m descent over ¢?

M-Step:

p(x,z;0)

argmaxgz q(z|x; p)log ————— )

We use MC sampling to approximate expectation
and use gradient descent to optimize &
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