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Motivation

“Humans don’t start their thinking from scratch every second. As you
read this sentences, you understand each word based on your
understanding of previous words. You don’t throw everything away and
start thinking from scratch again. Your thoughts have persistence.”

Syracuse University

@ Built Environment
Science & Technology




Motivation

“Humans don’t start their thinking from scratch every second. As you
read this sentences, you understand each word based on your
understanding of previous words. You don’t throw everything away and
start thinking from scratch again. Your thoughts have persistence.”

“Traditional neural networks can’t do this”
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Example Application—Speech Recognition

* Slot Filling

! | would like to arrive Syracuse on November 2“0'.]

ticket booking system

3

\ 4

Destination: Syracuse

(‘
Slot <

time of arrival: November 2nd

Syracuse University

Built Environment
Science & Technology

4



Example Application—Speech Recognition

Solving slot filling by 1 V2
Feedforward network?
Input: a word d > < 2 )

(Each word is represented
as a vector)

BEST Lab 5
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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 O]
to a word in the lexicon cat =[0 0 1 0 O
The dimension for the word dog =[0 0 0 10
is 1, and others are 0 elephant =[0 O O 0 1
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Beyond 1-of-N encoding

Dimension for “Other” Word hashing
apple £ 0 a-a-a 0 A
bag & 0 a-a-b 0
cat . 0 a-IE)-IO \!/ |
dog & O : : >26X26X26
elephant £ 0 p-!—e \1/
: p-p-l (1
“other” . 1 . . ;

7\ T

w = “Gandalf” w = “Sauron”
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Example Application

Solving slot filling by
Feedforward network?

Input: a word

(Each word is represented
as a vector)

Output:

Probability distribution that

the input word belonging to
the slots

Syracuse ‘Fﬁ

+1vao-anf
dest departure
M1 Vs

s

.

s
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Example Application

time of
dest departure
M1 )

A|arrive| Syracuse on November 210'

T T T T ¥
other  dest other time  time . "

Allea_vel Sy_racuse on November znc] @

place of departure

Neural network Syracuse‘Fﬁ

1

needs memory!
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Recurrent Neural Network (RNN)

M1 Y
The output of hidden layer @ @
are stored in the memory. i -

a a, @

—

Memory can be considered X, X,
as another input.
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171 117 [2
Input sequence: || || [T -
Example 1 [1] [2
output sequence: 4
store
given Initial
values

All the weights are “1”, no bias

All activation functions are linear

Syracuse University BEST Lab 11




Input sequence:

Example

output sequence:

ol el el
e

SN

[NO

L

Vi )

store

All the weights are “1”, no bias
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Input sequence:

Example

output sequence:

NN
| ——

SN

[NO

M-

=

w

DN

—

Vi )

Changing the sequence
order will change the output.

All the weights are “1”, no bias
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RNN Architecture

Key idea: RNNs have an
“internal state” that is

/ updated as a sequence
is processed

Syracuse University BEST Lab 14
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RNN Architecture

We can process a sequence of vectors x by applying a
y recurrence formula at every time step:

ht — fW(ht—la CBt)
new state / old state input vector at
some time step

some function
with parameters W

Syracuse University BEST Lab 15
e aTednoiogy




Notice: the same function and
the same set of parameters
are used at every time step.

RNN Architecture

We can process a sequence of vectors x by applying a
y recurrence formula at every time step:

ht — fW(ht—la CBt)
new state / old state input vector at
some time step

some function
with parameters W
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RNN Architecture

The state consists of a single “hidden” vector h:

y h, = fW(h’t—la 33t)

J’ (also bias term)

h; = tanh(Wphi—y + Wopxy)

Yt = Why hy

Sometimes called a “Vanilla RNN” or an
“Elman RNN” after Prof. Jeffrey EIman

Syracuse University BEST Lab
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RNN Computational Graph

Initial hidden state
Either set to all O,
Or learn it

ho
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RNN Computational Graph
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RNN Computational Graph
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RNN Computational Graph
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RNN Computational Graph

Re-use the same weight matrix at every time-step
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RNN Computational Graph (many to many)

Y1

Y2

Y3

Y1
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RNN Computational Graph (many to many)
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RNN Computational Graph 1

Yl * I—1 YZ - LZ YB ’ L3 yT g LT
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RNN Computational Graph (many to one)
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RNN Computational Graph (one to Many)
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RNN

The same network is used again and again.

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

X1
ﬁive Syracuse on November 2“]’
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RNN

Different

Prob of “leave”
in each slot

Prob of “arrive”
in each slot

Prob of “Syr” in
each slot

Prob of “Syr” in
each slot

arrive

The values stored in the memory is different.
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Of course it can be deep ...
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Elman Network & Jordan Network

EIman Network Jordan Network

yt yt+ 1

B

T
...... - ‘h-
" A
o e
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Bidirectional RNN

mupl Built Environment
Science & Technology




From RNN to LSTM

The clouds are in the




From RNN to LSTM

“I grew up in France... | speak fluent French.”
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LSTM

Long Short Term Memory networks — usually just called
“LSTMSs” — are a special kind of RNN, capable of learning
long-term dependencies.
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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

Signal control
the forget gate

(Other part of
the network)

Signal control
the input gate
(Other part of
the network)
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Z _>[ } multipl
? ‘/f- Qutput Gat:, P

f(z,) h(c"

Input Gate

Block

Syracuse Univi T Z

b a=h(c)f(z,)

Activation function f is
usually a sigmoid function

Between O and 1
Mimic open and close gate
Zf

¢ = g(Df @) + cf (7)
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LSTM - Example

i @ 8§ BB B § B @ =
1.1 3 2 4 2 1 3 6 1
X2 0 0 o o [1 [ o
;0 0 o o o [11 o o [1]

When x, = 1, add the numbers of x, into the memory
When x, = -1, reset the memory

When x; =1, output the number in the memory.
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()

Forget Gate

Block
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Original Network

> Simply replace the neurons with LSTM

Xy X Input
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LSTM

+ + - ‘/f- Output Gate
%— , g
Forget Gate
+ Cell S je— +

+ + 5 /f'

'/g- Blog#

+ + /
=1
4 times of parameters X1 X Input
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LSTM

Ct-l

vector

A
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LSTM

A

: :Output Gate !

Forget Gate

(c), 0+

Input Gate

Block

(?
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Extension: “peephole”
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Multiple-layer Lc‘t.i |
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Multiple-layer Lc‘t.i |
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Multiple-layer

This is quite
standard now.
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Multiple-layer

LSTM

£h

A EJ K3 B3

Don’t worry if yOu cannot understand this.
Pytorch and Keras can handle it.

Pytorch and Keras support
“LSTM”, “GRU”, “SimpleRNN" layers

This is quite
standard now.
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Any Questions?

bidong@syr.edu
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