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RNN
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Redes neurais recorrentes

Usadas para dados cujos elementos s3o organizados em uma
estrutura sequencial

e série temporal

e sequéncia de genes
e dudio

e video

e texto
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Redes neurais convolucionais

e explora o fato de um mesmo padrdo poder ocorrer em qualquer
parte de uma imagem

e convolugdo considera uma vizinhanga restrita; multiplas camadas
para “ampliar’ a vizinhan¢a abarcada — relagdo espacial

e o compartilhamento de pesos (entre diferentes posices na imagem)
permite a aplicagdo em imagens de variados tamanhos

Redes neurais recorrentes

e explora o fato de um mesmo padrdo poder ocorrer em qualquer
parte de uma sequéncia

e recorréncia considera todos os elementos prévios na sequéncia; ndo
considera elementos posteriores na sequéncia — relagdo sequencial

e o compartilhamento de pesos permite a aplicacdo em sequéncias de
variados tamanhos



Entrada:
Sequéncia de elementos; elementos sdo processados um a um

X:X11X2v--'1XL1'--vXT

Saida pode ser:

scores para rétulos de classe (problema de classificagdo)

sequéncia de elementos (por exemplo, tradu¢&o)

scores ou valores para préximo elemento (predigdo de préximo
elemento)



Diferentes formatos de saida e formas de mapear entrada para
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https://www.javatpoint.com/tensorflow-types-of-rnn
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https://www.javatpoint.com/tensorflow-types-of-rnn

t: indice na sequéncia

Xx¢: elemento na posicdo t da sequéncia de entrada x
Um novo conceito:

Estado: h; = f(x{,h¢_1)
Exemplo: h¢ = tanh(Uxy + Why_1)

Saida: ot = Vhy, U= softmax(Vht)



t: indice na sequéncia

Xx¢: elemento na posicdo t da sequéncia de entrada x
Um novo conceito:

Estado: h; = f(x{,h¢_1)

Exemplo: hy = tanh(Ux{ + Wh¢_1)

Saida: ot = Vhy, U= softmax(Vht)

U, W e V s3o matrizes de peso, compartilhados para todos os t



(min)- -
¢ o o 4-

Fonte: https://www.telusinternational.com/articles/difference-between-cnn-and-rnn
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Aqui, podemos pensar que d é o tamanho do vocabulario
(one-hot-encoding)
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Forward e Backward pass em RNNs
Loss of Information through time

DUUUE

X0 X X3 X3

Backpropagate the error

Fonte: https://www.simplilearn.com/tutorials/deep-learning-tutorial/rnn
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Erro de predicao na posicao t (lembrar que y, & one-hot-encoded target):

t(y, i) ZUt log(J)

Total loss

Derivadas parciais que precisamos calcular
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Produto de gradientes pode levar a vanishing/exploding gradient
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Muito similar ao caso dos pesos W
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Exemplo de cédigo (Python only):
https://gist.github.com/karpathy/d4dee566867£8291£086

Comentdrio detalhado sobre o cédigo:
https://mkffl.github.i0/2019/07/08/minimalist~RNN.html


https://gist.github.com/karpathy/d4dee566867f8291f086
https://mkffl.github.io/2019/07/08/minimalist-RNN.html

A estrutura da rede pode ser bem mais complexa

Por exemplo, miltiplas camadas ocultas



Padrao e LSTM

3 i T




LSTM e GRU

v

zp =0 (Ws - [h—1,24])
re =0 (Wy - [hi—1,2])
hy = tanh (W - [ry  hy_1, 4])

he = (1= z¢) % hyoy + 2 % Iy



Teacher forcing no treinamento

"Two" "birds" "flying"

<Start> "Two" "birds"

Without Teacher Forcing

"Two" "birds" "running"

<Start> "Two" "people"

Ground Truth



Truncated BPTT (back propagation through time)

Truncated Backpropagation through time

/ I i \L\L\ A Carry hidden states
forward in time forever,

but only backpropagate

2 for some smaller

number of steps
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cia bidireciona

Bidirectional RNN — recorrén




seq2seq model (2014)

Sequence to Sequence Learning with Neural Networks
llya Sutskever, Oriol Vinyals, Quoc V. Le
https://arxiv.org/abs/1409.3215

- arquitetura encoder-decoder de RNNs


https://arxiv.org/abs/1409.3215

Encoder builds a Target sentence

representation of the source [T saw a cat on a maf <eos>|
and gives it to the decoder T

N

Encoder — Decoder

3 T Decoder uses this source
| ' BUAEN KOTHO Ha Mare <e0s’ | representation to generate
I" "saw the target sentence

"nw "nw

cat” “on" "mat"

Source sentence

https://lena-voita.github.io/nlp_course/seq2seq_and_attention.html
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https://lena-voita.github.io/nlp_course/seq2seq_and_attention.html

Vector representation
of the source - useit
as initial decoder state I saw a cat on a mat<eos> <—— Targetsentence

Initial RNN
state (e.g.,
zero vector)

Input word
embeddings

. Output word
embeddings

E—

Source sentence —= 4 suaen KOTHO Ha MATe <eos>
ST saw® “cat” “on" “mat”

Encoder RNN Decoder RNN

<bos> I saw a cat on a mat

https://lena-voita.github.io/nlp_course/seq2seq_and_attention.html
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https://lena-voita.github.io/nlp_course/seq2seq_and_attention.html

Encoder

I "saw
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4 BUARN KOTHO Ha Marte <eos>

cat” “on" “mat”

Transform h linearly
from sizedto V| - the
vocabulary size

d-sized
vector

0000
[eXeYeXe)
[cooo0]

O] O]
<— Word embeddings
o |9

<bos> I saw a cat

[VItokens  P(x|I saw a caf,

finean softmax

layer

000000000 <—

T

_h:vectorrepresentation
of context (source and
previous history)

[eXeXoXe)
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source

previous history

https://lena-voita.github.io/nlp_course/seq2seq_and_attention.html
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9 BUAEN KOTHO Ha MaATe <eos>)

get probability
distribution for
the next token

process source and
previous history


https://lena-voita.github.io/nlp_course/seq2seq_and_attention.html

4o

OT was given a card by her in the garden

o Inthe garden, she gave me a card

© Mary admires John 10
© She gave me a card in the garden

O Mary is in love with John

o]
© John admires Mary Mary respects John

St © She was given a card by me in the garden

©John is in love with Mary ©1In the garden, I gave her a card

-10

© John respects Mary © T gave her a card in the garden

-20
-6 -4 -2 o 2 4 6 8 10 15 -10 -5 0 5 10 15 20

https://lena-voita.github.io/nlp_course/seq2seq_and_attention.html
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seq2seq model with attention (2014)

Neural Machine Translation by Jointly Learning to Align and
Translate

Dzmitry Bahdanau, Kyunghyun Cho, Yoshua Bengio
https://arxiv.org/abs/1409.0473

- trata o problema de dependéncias longas


https://arxiv.org/abs/1409.0473

Attention

score(hy, si)
[¢)

scalarT out

in

0

o

o

O
Encoder state  Decoder state
for tokenk: s atstept: hy

Attention output: weighted sum of

encoder states with attention weights

Attention weights: distribution

over source tokens

How relevant is
source token k
for target step t?
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S BUAEN KOTHO Ha Mare <eos>
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" eat” “on” “mat”

Encoder

Amodel can learn to “pay

attention” to the most relevant

source tokens for each step

0000

Decoder
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<bos> I saw a -
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Pretrained CNN

<start>  Giraffes standing

rot 1

<end>

T

I Softmax I I Softmax I I Softmax I

I Softmax I

using ImageNet dataset T T T

Input Image
(224x224x3)

LSTM
LSTM
LSTM

Ut L _>I_>I_ o
Feature vector T T

at fc layer
(Ix1x2048)

t1

<start>  Giraffes

LSTM

other



