Traditional Language Models

J'ai vu le match de foot
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Traditional Language Models

J'ai vu le match de foot

-

| saw the game of soccer

| saw the soccer game

| saw the soccer match

Saw | the game of soccer
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Traditional Language Models

J'ai vu le match de foot

-

Sequence P(Sequence)

| saw the game of soccer 4.5e-5

| saw the soccergame  4.0e-5

| saw the soccer match 4.6 e-5

Saw | the game of soccer 2.6e-9
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Traditional Language Models

J'ai vu le match de foot

@

Sequence P(Sequence)

| saw the game of soccer 45e-5

| saw the soccer game | 6.0e-5

| saw the soccer match 4.6 e-5

Saw | the game of soccer Z2.6e-9
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N-grams
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N-grams

count(wy, ws)

P(ws|wy )=

count(w; )
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N-grams

count(wy, wo)

P(ws|wy )= — Bigrams

count(w; )
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N-grams

count(wy, wo)

P('H'g|”'l ) = —_— Bigrams

count(w )
count(wy , wg, w3)

P(ws|wy, we) = — Trigrams

count(wj, wa)
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N-grams

count(wy, wo)

P(ws|wq )= — Bigrams

count(w; )

P(wq, wo, w3)=P(wy) X P(ws|w;) X P(wglfwz]
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N-grams

count(wy, wo)

P(ws|wy )= — Bigrams

count(w; )

P(wq, wo, w3)=P(wy) X P(ws|w;) X P(ws|ws)

e Large N-grams to capture dependencies between distant words
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N-grams

count(wy, wo)

P(ws|wq )= — Bigrams

count(w; )

P(wq, wo, ws)=P(wy) X P(ws|w;y) X P(wglwz]

e |Large N-grams to capture dependencies between distant words

e Need alot of space and RAM
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Advantages of RNNs
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Advantages of RNNs

Nour was supposed to study with me. | called her but she did not
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Advantages of RNNs

Nour was supposed to study with me. | called her but she did not

want —
respond
choose
want
have ——> Similar probabilities with trigram
ask

attempt
answer

know —
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Nour was supposed to study with me. | called her but she did not

want —
respond
choose
want
have —3 Similar probabilities with trigram
ask

attempt
answer

know -
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Advantages of RNNs

Nour was supposed to study with me. | called her but she did not | _answer

want —
respond
choose
want
have —3 Similar probabilities with trigram
ask
attempt
answer
know -
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RNNSs Basic Structure

| called her but she did not
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RNNSs Basic Structure

| called her but she did not

called
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RNNSs Basic Structure

| called her but she did not

called her

ing.ai
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RNNSs Basic Structure

| called her but she did not

-

called nﬂt

ing.ai
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RNNSs Basic Structure

| called her but she did not ‘ answer ‘
called nﬂt

ing.ai
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RNNSs Basic Structure

| called her but she did not ‘ answer ‘

A

AR

| called her but not

&

W, W, W, W, W,
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RNNSs Basic Structure

| called her but she did not ‘ answer ‘

s

Wi I Wh I I
[}
W, W

| called her but not

&

W,

W,
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RNNSs Basic Structure

| called her but she did not ‘ answer ‘

A

W

Learnable parameters
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RNNSs Basic Structure

| called her but she did not ‘ answer ‘

A

Wi

Learnable parameters
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Summary

¢ RNNs model relationships among distant words

e |n RNNs a lot of computations share parameters
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One to One
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One to One

L o

@ .

-
Laliga @@
«» Santander .
Real

s 1 Madrid
Real

0 4 Madrid
Real

O 1 Madrid
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One to One

L o

o)
<
Laliga
«» Santander
Real
0 1 | Madrid
0 4 Real

Real
0 1 \:::\X
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One to One

ia
i b )
Y ;':;tgﬁder @
Real
. ! Madrid h{‘t” }—- fW

Real

Real
O 1 | Madrid
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One to One

»
™ o
*'," {{‘% T
Laliga (] [
o Sr.mtg nder @
Real
0 . Madrid h <tp> f
0 4 Real I I

Real
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One to Many
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One to Many

Caption

generation
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One to Many

A Brown Puppy

| | |

e fwe s fw - fw
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Many to One
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Many to One

Tweet: | | am very happy !
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Many to One

Tweet: | | am very happy !
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Many to One

Positive

Tweet: | | am very happy !
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Many to One

Positive

|
e fwe o fwo o dtw fw - fw

| | | ]

Tweet: I am very happy !
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Many to Many
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Many to Many

J ai faim
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Many to Many

am hungry

J’ ai faim @
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Many to Many

ple— fwo— fw— fw - fw - fw fw

| am hungry

| | |

| | |
J ai faim W
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Many to Many

| am nungry

h‘itn >

Encoder

| | |

*fw—*fw—*fw

®©) deeplearning.ai

al

faim




Many to Many

| am nhungry

! ! I

p<to>—. fW L fW . fW - Decoder

| | |
J ai faim W
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Summary

e RNNs can be implemented for a variety of NLP tasks

e Applications include Machine translation and caption generation

N
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A Vanilla RNN

®©) deeplearning.ai



A Vanilla RNN

& ik ' &

- —— .
* ‘ T

<t1> <ta> Wy e

£ Y A
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A Vanilla RNN

- I~ - S
i " T
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A Vanilla RNN

& k ' k

W
] |

< < 1o < T >

=5

£
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A Vanilla RNN

h{t} — g(i'{;h " h{f. 1> P Lifh:r: I{t} + bh)
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A Vanilla RNN

h{t} — y(l"{"?hhh{t L 3%, ][’Vh:r:ir{t} + bh)
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A Vanilla RNN
7

e
|

=1 >
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A Vanilla RNN
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A Vanilla RNN
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A Vanilla RNN
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A Vanilla RNN <"

hzx

| H ph ="
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Summary

e Hidden states propagate information through time

e Basicrecurrent units have two inputs at each time: }lit_l}, fg“it}

(-_
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Cross Entropy Loss
@

:{%’3’;?’ SO
\c‘*:\@ B IR o
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Cross Entropy Loss

K - classes or possibilities

I 1y (X
“ D
T k&.k‘%’ .ﬂ\' B *
SO R RS J=-> yjlogy;

j=1

&§ DL a5
XA

Looking at a single example (x, y)

®©) deeplearning.ai



Cross Entropy Loss

L1
N S
Lo WIOIO

\Y
N2

K - classes or possibilities

EitherOor 1

K
J ==Y [y;logy;

J=1

Looking at a single example (x, y)
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Cross Entropy Loss

K - classes or possibilities

S EitherOor 1
""ﬁvy' o N i )
TN A @ DO T == filogd;
N ‘%‘ <N 07 j=1
\ A\ S

Looking at a single example (x, y)
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Cross Entropy Loss

Ir},r = 4 | > IrJllf i 9 2 ‘i'j'

LR R
] |

<ti1> _I.{Tj} '!'{T}
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Cross Entropy Loss

W
‘ ‘ |
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Cross Entropy Loss

T
] |
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Cross Entropy Loss

g(Wonh b, )

T
Bl W -
A 4 T o

<t1> p<t2> p<I>
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Cross Entropy Loss

wdw o w -

. ) T t=1
<t1> <to> <T>

i il € . :
Average with respect to time
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Summary

For RNNs the loss function is just an average through time!
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Outline

e scan() function in tensorflow

e Computation of forward propagation using abstractions
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tf.scan() function

def scan(fn, elems, initializer=None, ...):
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tf.scan() function

<T def scan(fn, elems, initializer=None, ...):
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tf.scan() function

<to> < T > def scanl(fn, lelems| initializer=None, ...):

A ; &

|
B T
J.{ZMZT} J.c::::-_:::} j.e,:;",f‘:}
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tf.scan() function

n t1 > n to> < 1'> def scar‘(fn, lelems} finitializer=None, ...):

i & [ ]

e dw L w
| T

_<t1> .i.cc:::-_,«?:: -
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tf.scan() function

<ty> < T > def scan(fn, [elems| finitializer=None, ...):

cur_value = initializer
ys = []
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tf.scan() function

<to > < T'">| def scadﬁfn,lelemsl initializern=None, ...):

rgug_gilﬂe = initializer
ys = |]

<t1> <to > i e
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tf.scan() function

; G<t2> G<T>| def scanl(fn, elems| finitializer=None, ...):
x - ¥ *
I_cua_l_ule = initializer
) ys = []
*fw *fw e i'fﬂ"r for x in elems:
— 1 T
-::'_:||I _\_} -:::||I- - - T -
<t p<t2> j.ﬁif}
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tf.scan() function

) <ta> G<T>| def scarl(fn, lelems| finitializer=None, ...):
x —_— *
r value = initializer
Y ys = L]
*fW *fW s i'fW"r for x in elems:
_T_ A T y, cur_value = fn(x, cur_value)
| = ys.append(y)
_1.-::Z|"|Z.“.3- E.{ZJ'-_}Z} I.*f;f}
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tf.scan() function

U _ff.' 4o ”-_ ¥ e def scark-Fn, |elemsl initializen=None, ...):
X l
r v e = initializer
| “ ys = 1]

*fW “fW s *fW for x in elems:

_T_ A T y, cur_value = fn(x, cur_value)
| - vs.append(y)

J-{:" | = qi-{:""—*‘} _;-{‘r - return ys, cur_value
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tf.scan() function

Frameworks like Tensorflow need this type of abstraction

@) deeplearning.ai



Summary

e Frameworks require abstractions

e tfscan() mimics RNNs
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Outline

e Gated recurrent unit (GRU) structure

e Comparison between GRUs and vanilla RNNs
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Outline

e Gated recurrent unit (GRU) structure

e Comparison between GRUs and vanilla RNNs

®©) deeplearning.ai



Gated Recurrent Units

“Ants are really interesting. are everywhere.
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Gated Recurrent Units

“Ants are really interesting. They are everywhere.”
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Gated Recurrent Units

“Ants are really interesting. They are everywhere.”

p.}ral /
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Gated Recurrent Units

“Ants are really interesting. They are everywhere.

|

Plural

Relevance and update gates to remember important prior
information
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Gated Recurrent Unit
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Gated Recurrent Unit

1

T <i1>
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Gated Recurrent Unit

e e— [T

= g(W,p[h<t>, 2<"~] +b,.)
[y = o(W,[h<"7, 2<"7] +b,)
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Gated Recurrent Unit

Gates to keep/update relevant
information in the hidden state

A

- g(l—:{-’rr[h{fﬂ},lr{il}] Il '!-i-r}
[y = o(W,[h<"7, 2<"7] +b,)

i S— [T'
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Gated Recurrent Unit Gates to keep/update relevant
information in the hidden state

A

» [, = o(W.[h<t°>, 2<"7] +b,.)

[y =o(W,[h<"7, 2<"7] +b,)

h'<"1~ = tanh (W[, * h° Ll ]+ by)
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Gated Recurrent Unit Gates to keep/update relevant
information in the hidden state

A

. [, = o(W.[h<t>, 2<"2] +b,.)

Ty = o(Wau[h <>, 2<0>] + by)

| X _ . h'=%” letllh[“],[l',. x h<to> o<l - by, )
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Gated Recurrent Unit Gates to keep/update relevant
information in the hidden state

A

= [, = o(W.[h<>, 2<"7] +b,.)

]__‘u — J(‘_.ll__.ru [h.{ﬁfn}‘i:{f]}] 4+ bu)

"X i - p/<t1> lélllh[H-.l,.“ll.. 5 B _.',._.”r_-_.' | hh.
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Gated Recurrent Unit Gates to keep/update relevant
information in the hidden state

A

> [, = o(W.[h<°”, 2<"7] +b,.)

]__‘u — J(‘_.ll__.ru [h.{ﬁfn}‘i:{f]}] 4+ bu)

"X i - p/<t1> lélllh[H-.l,.“ll.. 5 B _.',._.”r_-_.' | hh.
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Gated Recurrent Unit Gates to keep/update relevant
information in the hidden state

A

[-Ir . g(II; [h_{f”},;f{“}] i h?'}
Ty = o(W,[h<10>, 2<t>] 4+ b,)

tanh (W[, x h<"=, 2<"12] + by
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Gated Recurrent Un |t Gates to keep/update relevant
information in the hidden state

A

> [, = o(W, [h.{f”},;.!‘-{“}] + b;)
]__‘H — J(‘iru [h.ﬂifn}‘i:{:f]}] _|_ bu)
<t > lelllll[H-.-,“',.. « h<to> <t L by)
!
T
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Vanilla RNN vs GRUs
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Vanilla RNN vs GRUs

®©) deeplearning.ai



Vanilla RNN vs GRUs
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Vanilla RNN vs GRUs
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Vanilla RNN vs GRUs

[ = o(W,[h<"7, <] + b,)
L, = (W, h<1>, ¢<0>] 4 b,)
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Vanilla RNN vs GRUs

[ = o(W,[h<"7, <] + b,)
L, = (W, h<1>, ¢<0>] 4 b,)

I||I|-"' T _ E:||l]| | H,] : ,Ir.l. L .-_-r_-.-'| o |"JI,-I_ |

®©) deeplearning.ai



Vanilla RNN vs GRUs

[y = ”{1'1}4; [h*‘:fn}~ g < }J an hnj
L, = o (W, [h<9>, 2<t>] 1 b,)

IJII_-'- £y ™ _ E:I“_ll | llh.lllll-]..l ’ I|r||. L .---r_-_.'| .. 1 |Il.|I|'I. :l
i h | -1,
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Vanilla RNN vs GRUs

I‘u = E'T{I'i'ru lh“ffﬁ}" .'.i'ff:l!IL -:*J 2 Ir}raj
[, = o(W,[h<t>, 2<t>] 4 b,)

hf. £y [:I“]I | HL.IIIII-].: . ,Ir,ll Iy .-_-r_-_.'| L |'IJI.-I_ :I
i 2 ! s
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Vanilla RNN vs GRUs

[y = o(Wy[h<"2,2<"7] + by,)
I = 5(1'1'::'[f¢-{:tl'} . LI";:“ f] T liJ'i":l

Illll_,-, fq o — [:|||_]| | Hh-lllll-].: ) ||r||. L .---r_-_.'l L Ill'l,'..' :l
B ; I s
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Summary

¢ GRUs “decide” how to update the hidden state

e GRUs help preserve important information
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Outline

e How bidirectional RNNs propagate information

e Forward propagationin deep RNNs

=
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Bi-directional RNNs
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Bi-directional RNNs

| was trying really hard to get a hold of . Louise, finally
answered when | was about to give up.
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Bi-directional RNNs

| was trying really hard to get a hold of . Louise, finally
answered when | was about to give up.

<t1> e -y e
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Bi-directional RNNs

| was trying really hard to get a hold of . Louise, finally
answered when T'was about to give up.

Ak

{ BN ek
T T |

t1 > fo > '
)lf.‘i 1. J'{ 2 . L['{T}
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Bi-directional RNNs
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Bi-directional RNNs

.t.{f'l} Lto> I e g
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Bi-directional RNNs

1.*1:!’13?* Lt > I
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Bi-directional RNNs

i = =
- - - -
fw fw fw
% 3 3
\
\. b
=ty 2> _{.-:::# p-_ _3.{:'1':?-
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Bi-directional RNNs

<t =T
U 0] /
" * ¥
= < i i
fw fw™ fw
<f1> { <fa> _3,{:"?:::
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Bi-directional RNNs

Nl fw \ f W
) =7 :\ o
4 Sl r<t2~
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Bi-directional RNNs

g<! g T
gy ey
\H‘x
~ Jw fw " ~w
et a -~ i |
i_.a?‘ﬂ‘:- p<t2> 3._.$i'_';
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Bi-directional RNNs

W Pf"f — f‘:}’ —
N . o
Hx __f,..fr’ - x ,f-"'J L ! \“x e ¥
p<t1> 3 <fa> ‘_3;—-’:2{':::

Information flows from the past and from the future
independently

@) deeplearning.ai



Bi-directional RNNs

”f‘ fjrl fj r:l’ >
- fW > fW - =
- ! i N (k] ‘;f’ —
- -z}"!f‘% T ; I'f": T ~:i JI ~>

Information flows from the past and from the future
independently
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Bi-directional RNNs

” f U’ : Ti_. fj r}’
- fW . d = > .
B e | e
HH fJW : | .{W : ‘\\\ .]iW
. > ;::-;’ S r"f‘% T>
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Bi-directional RNNs

- ‘_> | [ _+
wo o Jw
Y

'h = = = =i

\| fw N
xx }._H__,r \\ - x =

l_.c::h > p<t2> ‘_3_:-::'3! >
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Deep RNNSs
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Deep RNNs

A 4 o +
i 4  IRCWIESR
W W W
L1 [

::*'il" 1 -~ r.f.*i-..f'_i = _rf.f_f '™
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Deep RNNSs

A 4 1 'U. i.lll
L L L
- i
A 4 1;
' o \
| B .
:.{Tﬁ' .' f.*i:Tf 2 > I,*--’.fT-f
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Deep RNNSs

gt <2 <4
L : L
_ f[ B f[ - R > fé&']
- — » . Intermediate
- ; = —> layers and
- activations

f[ll A I[r‘llf’] Lol eled flll

T ! T

t1 > < Ta > < T
,:'{ " r<t2> T i
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Deep RNNs
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Deep RNNSs

1. Get hidden states for current layer
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Deep RNNSs

a'<t> = FEWHpM<t> 4 pll)

1. Get hidden states for current layer

2. Pass the activations to the next layer
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Summary

e |nbidirectional RNNSs, the outputs take information from the past and
the future

e Deep RNNs have more than one layer, which helps in complex tasks
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