Topic 5

Well Known DL Architecture
RNN, LSTM
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Example Application

= Slot Filling
! | would like to arrive Taipei on November 2”d.]
ticket booking system
/

Destination: Taipel

Slot <

time of arrival: November 2nd




Example Application

Solving slot filling by 1 Y2
Feedforward network? ! !
Input: a word

(Each word is represented

as a vector)

e

How can we represent each word?

Taipei ‘l_x1 xz_‘




1-of-N encoding

How to represent each word as a vector?

1-of-N Encoding lexicon = {apple, bag, cat, dog, elephant}

The vector is lexicon size. apple = :_1 0 0 0 O]
Each dimension corresponds bag =[0 1 0 0 0]
to a word in the lexicon cat =[0 0 1 0 O
The dimension for the word dog-=10:00:1:-0]
is 1, and others are 0 elephant =[0 0 0 O 1]




Beyond 1-of-N encoding

Dimension for “Other” Word hashing
apple €3 0 a-a-a | (0 A

bag @) o a-a-b | 0@
cat | 0 a_b_p O

dog ) 0 i i > 26X26X26
elephant ) 0 S O
p-p-l @

“other” 1 : “ ”
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Example Application

time of
dest departure
Solving slot filling by i Y2

Feedforward network? @ @
Input: a word - “
(Each word is represented
as a vector)

Output: @
Probability distribution that ry

the input word belonging to
the slots

Taipei ‘l_xl xz—‘




Example Application

time of
dest departure

A|arr|ve|Ta|pe| on November Z“d

other dest other time time @ @
<

A|Iea_ve|Tarpei on November znd] @

place of departure

Neural network Taipei ‘l_x

needs memory!




Recurrent Neural Network (RNN)

The output of hidden layer @ @
are stored in the memory.

store

Memory can be considered X, X,




R N N The same network is used again and again.

Probability of Probability of Probability of
“arrive” in each slot  “Taipei” in each slot  “on” in each slot

tal store
-

1.

1
e

A et

arrive Talpei on November 2n




R N N Different

Prob of “Taipei’
in each slot

Prob of “arrive”
in each slot

Prob of “leave”
in each slot

Prob of “Taipei’
in each slot

The values stored in the memory is different.



Of course it can be deep ...




Bidirectional RNN

We can combine past and future evidence in separate chains

_—
-




Long Short-term Memory (LSTM)




Long Short-term Memory (LSTM)

Other part of the network

Special Neuron:
4 inputs,
1 output

Signal control
the output gate

(Other part of
the network)

Output Gate

“ Forget

Input Gate

Signal control
the forget gate

(Other part of
the network)

Signal control
the input gate
(Other part of



A a=h(c)f(z,)
Zo—»@ multiply
'/;/D“Dut Gat:, Activation function f is

f(z0) h(c") usually a sigmoid function

Between 0 and 1

Forget Gate

¢ f(#)

Mimic open and close gate

-~ Zf

f .
% f(z) g(zc>f(<Z;)> ' = 9(@f (2 + cf ()
i Si >,multiply
Input Gate g (Z)




LSTM

Ct-l

vector




LSTM




LSTM




Encoder-Decoder Model
(Seq2Seq Model)




Encoder-Decoder Model

= X0 ith input

= Y0 jth output

= C: context (embedding)

Usage:
= Machine translation
= Question answering

= Dialog




Image Caption Generation

" |nput an image, but output a sequence of words

[Kelvin Xu, arXiv’15][Li Yao, ICCV’15]

A vector
for whole

woman IS ===

e

Caption Generation
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