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Sequences in the Wild
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Sequences in the Wild
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A Sequence Modeling Problem:
Preadict the Next VVord



A Sequence Modeling Problem: Predict the Next Word

“This morning | took my cat for a walk.”
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A Sequence Modeling Problem: Predict the Next Word

“This morning | took my cat for a walk.”

given these words
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A Sequence Modeling Problem: Predict the Next Word

“This morning | took my cat for a walk.”

given these words predict the
next word
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ldea #1: Use a Fixed VWindow

‘w

“This morning | took my cat for a walk.”

given these predict the
two words next word
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ldea #1: Use a Fixed VWindow

“This morning | took my cat for a walk.”

given these predict the
two words next word

One-hot feature encoding: tells us what each word is

[1000001000]

for a
prediction
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Problem #1: Can’t Model Long-Term Dependencies

"France is where | grew up, but | now live in Boston. | speak fluent

%b

Ve need information from the distant past to accurately
predict the correct worda.
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ldea #2: Use Entire Sequence as Set of Counts

“This morning | took my cat for a”

“bag of words”

(0100100..0011000 1]

prediction
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Problem #2: Counts Don’t Preserve Order

ul

.‘ The food was good, not bad at all.
A~~~
—

WV,

The food was bad, not good at all.
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ldea #3: Use a Really Big Fixed Window

“This morning | took my cat for a walk.”

)l\ )(Q_ .%mrds next word
11000000001001000100000010 ... ]
morning I took this cat
prediction
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Problem #3: No Parameter Sharing

11000000001001000100000010 ... ]

this morning took the cat

tach of these Inputs has a separate parameter:
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Problem #3: No Parameter Sharing

11000000001001000100000010 ... ]

this morning took the cat

tach of these Inputs has a separate parameter:

0001000100010001000000001... ]

this morning
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Problem #3: No Parameter Sharing

11000000001001000100000010 ... ]

this morning took the cat

tach of these Inputs has a separate parameter:

0001000100010001000000001... ]

this morning

Things we learn about the sequence won’t transfer If
they appear elsewhere In the sequence.
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Sequence Modeling: De5|gn Crlterl

1o moael sequences, we need to:

II' —landle variable-length sequences h 9 (X ,}\ )
. Irack long-term dependencies

ﬂ Maintain information about order

Share parameters across the sequence

Today: Recurrent Neural Networks (RNNs) as
an approach to sequence modeling problems
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Recurrent Neural Networks (RNNs)



Standard Feed-Forward Neural Network

)

X

One to One
"Vanilla neural network
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Recurrent Neural Networks for Sequence Modeling

y
X
One to One Many to One
“Vanilla" neural network Sentiment Classification
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Recurrent Neural Networks for Sequence Modeling

)

One to One Many to One Many to Many
“Nanilla” neural network Sentiment Classification
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Recurrent Neural Networks for Sequence Modeling

Y
... and many other
architectures and
applications
X
One to One Many to One Many to Many
‘“Vanilla” neural network Sentiment Classification Music Generation
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Standard “Vanilla” Neural Network

output vector ?t

iInput vector Xt
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Recurrent Neural Network (RNN)

output vector ?t

N

iInput vector Xt
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Recurrent Neural Network (RNN)

output vector ?t

iInput vector Xt
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Recurrent Neural Network (RNN)

output vector j}t Apply a recurrence relation at every
time step to process a sequence:

recurrent cell

iInput vector Xt
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Recurrent Neural Network (RNN)

output vector j}t Apply a recurrence relation at every
time step to process a sequence:

hy|=

cell state function  old state Input vector at
parameterized time step t
by W
iInput vector Xt
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Recurrent Neural Network (RNN)

output vector j}t Apply a recurrence relation at every
time step to process a sequence:

hy|=

cell state function  old state Input vector at
racurrant cell parameterized time step t
by VV

Note: the same function and set of

nputvector X parameters are used at every time step
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RNN Intuition

my rnn = RNN() output vector j}t
hidden state = [0, 0, 0, O]

sentence ["I", "love", "recurrent"”, "neural”]

for word sentence:

prediction, hidden state - my rnn(word, hidden state) recurrent cell

next word prediction - prediction

INnput vector
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my rnn = RNN() output vector j}t
hidden state = [0, 0, 0, O]

sentence ["I", "love", "recurrent"”, "neural”]

for word sentence:

prediction, hidden state - my rnn(word, hidden state) recurrent cell

.next_mrcl | prediction - prediction

INnput vector
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RNN State Update and Output

output vector ?t

iInput vector Xt
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RNN State Update and Output

output vector j}t

Input Vector
Xt

iInput vector Xt
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RNN State Update and Output

o
Vi é"P

output vector

Update Hidden State
he  hy = tanh(Wpphe—q + Wipx,)

R

NN

recurrent cell

Input Vector
Xt

iInput vector Xt
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RNN State Update and Output

Output Vector

Update Hidden State
L T T
ht - tanh(whhht—l T thxt)

output vector ?t

Input Vector
Xt

iInput vector Xt
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RNNSs: Computational Graph Across Time

o

Yt

II —  Represent as computational graph unrolled across time

anfolded
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RNNSs: Computational Graph Across Time
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RNNSs: Computational Graph Across Time
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RNNSs: Computational Graph Across Time

Vit }’n y1 }’2 = = = Vit
-2
\ a—
m - - - - -
xt 'x[] x]_ xz E B = xt
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RNNSs: Computational Graph Across Time

Yt Yo Y1 Y2 = = Yt
I wl'h W.‘{.'h th th
X X x:l_ xZ E B B xt
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RNNSs: Computational Graph Across Time

YVt Yo V1 Y2 = = YVt
Wxn W xn Wh W xn
X: 0 X 1 X 4, E = N xt
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RNNSs: Computational Graph Across Time

YVt Yo V1 Y2 = = YVt
rﬂ Why Why Why W hy
wl'h W.‘{.'h th th
.}'CU x:l_ xZ E = N xt
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RNNSs: Computational Graph Across Time

Re-use the same weight matrices at every time step

YVt Yo ¥1 Y2 = = YVt
rﬂ N Wy Why Wh,
wxh W.‘{.'h th th
.}'CU x:l_ xZ E = N xt
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RNNSs: Computational Graph Across Time

= lorward pass

Lo L L, L
Yt Yo Y1 Y2 LR Yt
rﬂ Why Why Why iy
Wxh Wxh W xn W xn
A0 %5 A2 "= Xt
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RNNSs: Computational Graph Across Time
L

= lorward pass

Lﬂ Lz L3

Yt Yo Y1 Y2 = = om Yt
rﬂ Wh}' Wh_}r Wh}, Wh}r
Wxn W xn Wh W xn

XU x:l_ xZ I xt
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RNNs from Scratch

class MyRNNCell(tf.Keras.lavers.Layer):

def 1init (self, rnn units, input dim, output dim):
super (MyRNNCell, self). init ()

output vector j}t

self W xh self.add weight([rnn units, input dim])
self . W hh self.add weight([rnn units, rnn units])

self . W hy self. add weight([output dim, rnn units])

self.h tf.zeros([rnn units, 1]) RN N

def call(self, x):

ny

recurrent cell

self.h tf.math.tanh( self.W hh self.h ~ self . W xh ¥ )

output self . W hy self.h .
= INnput vector

return output, self.h
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RNN Implementation in TensorFlow 7

output vector j}t

tf.keras.layers.SimpleRNN(rnn units)

F

recurrent cell

INnput vector
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