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Machine Translation

Given a dataset of sentence pairs:

— <l> <2> <T > — <l> <2>
(X—{X 9x 9°°°9'x * }'y_{y 9y

we want to learn a model that maps x into y.

Portuguese

0la, como val vocé?

, e o

N y<Ty>})/

English

Hello, how are you?

O livro esta em cima da mesa.

The book is on the table.

Lucas iraviajar ao Rio em Dezembro.

Lucas is travelling to Rio in December.

-m Dezembro, Lucas ira viajar ao Rio.

Lucas is travelling to Rio in December.

UF



Seq2Seq Models

We can approach this problem using a Seq2Seq model, where the encoder process the
input sentence x and the decoder generates the translated sentence y

h<1+>is a vector representation of the entire input sentence x

j}<1> j\}<2> 5\7<3> e j\}<Ty>
Lucas IS traveling <E0S>
h<0> | <I> | > j<2> Ll },<3> >{ <> > ,<1> S| 4 <2> 4] f,<3> > j,<T,>
WiE] [ [ [ [ [ [ [ [
h
<l> <2> <3> <0> A<1l> A<2> AT —
X X X . o o x<Tx> y I y . y y<Ty 1>
W[E] Lucas ira viajar Dezembro <S0S> Lucas is December
X
o __J/ \, /

UF Encoder[E]} Decoder|[D]



Decoding

Decoding is the problem of finding the most likely translation. Formally, find the sequence

{y<1> ..., y<L”} that maximizes the conditional probability P(y<'>,...,y<L”|x).

X = Lucasiraviajar ao Rio em Dezembro

Objective function:
argmax P(y<'>, ..., y<L”|x)

<l> <T>}

» y = Lucasistraveling to Rio in December

4 — Lucasis going to be traveling Rio in December
Y 2oIng ’ Decoding algorithms:

» y = InDecember, Lucas will travel to Rio > Greedy Search

» y = Lucasisgoingto aconference in Rio » Beam Seach

UF



Greedy Search Decoding
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Greedy Search Decoding

Greedy search ist
selecing the most

Lucas iraviajar ao Rio em Dezembro
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Greedy Search Decoding

Greedy search is the simplest algorithm for decoding seqgZseq models. [t consists of
selecing the most likely word at each decoding step:

Lucas — IS

! |
0.1 | ]o.0

0.2 s [10.9

0.1 0.0

Lucas | ]0.3 0.1
| [0.1] 0.0

J,<0> <T> ']‘ ']‘
0 0.1 03 0.5
0 > > 1-0.5 > | 0.1 —>{ | -1.0
0. Encoder RNN =03 : OTQ - : OTz —
1‘ <S0S> >| Lucas

Lucas iraviajar ao Rio em Dezembro

UF



Greedy Search Decoding

Greedy search is the simplest algorithm for decoding seqgZseq models. [t consists of
selecing the most likely word at each decoding step:

Lugas — |1§ go'i\ng

0.1 | ]o.0 0.1

0.2 1IS110.9 0.0

0.1 0.0 0.1

Lucas 0.3 0.1 going | | 0.7

| [0.1] 0.0 | [0.1_

T

J, <0> _h< )f> ']‘ | ']‘ | T
0 0.1 0.3 ] 0.5 0.9 |
0 = > | —-0.5 > | -0.1 -] | -0.5 > | -0.6
-0- Encoder RNN =03 : OTQ - - OTz : -—%1-

']‘ <S0S> > Lucas > s

Lucas iraviajar ao Rio em Dezembro
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Greedy Search Decoding

<E0S>

<EOQS>

SO ooQ
N = =

1.0
—0.3
—0.7.

Greedy search is the simplest algorithm for decoding seqgZseq models. [t consists of
selecing the most likely word at each decoding step:
Since “Lucasis going'is more likely than “Lucas is Lucas — IS going—
travelling”in the English language, Greedy Seach ) T T
will likely produce a worse translation y: 0.1 | 0.0 01
» ¥ = Lucasis going to be traveling Rio in December 0.2 IS{10.9 0.0
» vy = Lucasistraveling to Rio in December 0.1 0.0 . 0.1
Lucas 0.3 0.1 going | | 0.7
| [0.1] 0.0 | [0.1_
j,<0> 5, <T> ']‘ ']‘ T
0’ 0.1 03 0.5 0.9
0 > > [ -0.5 > | -0.1 —>[ [ -1.0 > | -0.6
0. Encoder RNN =03, : OT9 : : OTz — ‘%1—
T <S0S> > Lucas > s

Lucas iraviajar ao Rio em Dezembro

UF
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Visualizing the Greedy Seach Problem
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Visualizing the Greedy Seach Problem

0.32
0.1

Was

visiting

0.6

t/O
and

0.5

Greedy Search
P(Lucas, s, going, to|x)
=04-05-06=0.12
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Visualizing the Greedy Seach Problem

0.32

Was

Lucas

will

0.28
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traveling

0.05

0.6

////:j;///,
and

0.5

Greedy Search
P(Lucas, s, going, to|x)
=04-05-06=0.12

0.05

(e
0.9

N

0.2

0.2

Optimal Solution

P(Lucas,is, traveling, to | x)
=04-04-09=0.144



Beam Search Decoding

Beam search is a local search algorithm that improves upon Greedy Seach by simulating b
solutions at each decoding step:

UF
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Beam Search Decoding

Beam search is a local search algorithm that improves upon Greedy Seach by simulating b
solutions at each decoding step:

1. Get the top » most likely words
to form a beam

d

aaron december

december
10k In

lucas

traveling
2uly lucas

UF



Beam Search Decoding

Beam search is a local search algorithm that improves upon Greedy Seach by simulating b
solutions at each decoding step:

1. Get the most likely words 2. For each solutionin the ,
to form a beam evaluate all combinations of sentences
a
december 5
aaron aron
december december
N .
10k In 'S
lucas traveling
traveling Wil
o lucas
ZUulu s

UF Evaluate b * 10k solutions at each iteration



Beam Search Decoding

Beam search is a local search algorithm that improves upon Greedy Seach by simulating b
solutions at each decoding step:

1. Get the

most likely words

to form a beam

10k

d
daron

dece”r.nber
In
Iu;és
tra\;élinq

ZUlU

UF

2. Foreach solution in the ,
evaluate all combinations of sentences

a
december
aaron
december
: 1S
Ia
traveling
will
lucas
ZUlU

Evaluate b * 10k solutions at each iteration

3. Get the

most likely sequences

18



Beam Search Decoding

Beam search is a local search algorithm that improves upon Greedy Seach by simulating b
solutions at each decoding step:

1. Get the top b most likely words 2. For each solution in the beam, 3. Get the top b most likely sequences
to form a beam evaluate all combinations of sentences
aaron
december decem ber
10k n ,S
lucas traveling
trav”eclinq ;/.v.ill
ZLJ.l.U ZUlu

UF Evaluate b * 10k solutions at each iteration



Beam Search Decoding

Beam search is a local search algorithm that improves upon Greedy Seach by simulating b
solutions at each decoding step:

1. Get the top b most likely words 2. For each solution in the beam, 3. Get the top b most likely sequences
to form a beam evaluate all combinations of sentences
aaron
december decem ber
10k n ,S
lucas traveling
trav“eclinq vv|||
ZLJ.l.U ZUlu

UF Evaluate b * 10k solutions at each iteration



Beam Search Decoding

Beam search is a local search algorithm that improves upon Greedy Seach by simulating b
solutions at each decoding step:

1. Get the top b most likely words 2. For each solution in the beam, 3. Get the top b most likely sequences
evaluate all combinations of sentences
to form a beam Repeat steps 2. and .
d 9 . d
aaron 2aron iIn december
/ “lucas —
R ik . zUulu
december december
10k " Wy V> ucasis € g
' P o going
lucas g - \ -
traveling traveling —
trav”e.lin /. zulu
¢ [oee®” L2 will
\ - lucas will °
zulu -ulu ﬁ

. . . Zulu
UF Fvaluate b * 10k solutions at each iteration
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Beam Search Decoding

Beam search is a local search algorithm that improves upon Greedy Seach by simulating b
solutions at each decoding step:

1. Get the top » most likely words

to form a beam

10k

UF

d
aaron

dece”r.nber
In
Iuéés
trav”e.linq

ZUlU

2. Foreach solution in the beam,
evaluate all combinations of sentences

3. Get the top b most likely sequences

Repeat steps 2. and .

~
~~~~~

----------
______

- “-traveling

'l'\
------

)
1

ZUlU

ZUulu

Evaluate b * 10k solutions at each iteration
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Decoding Long Sequences

Regardeless of the decoding strategy, it is difficult for these segZ2seq models to translate long
sequence because they have to compress the entire input sequence in hidden state h<l>.

y = “Lucasiraviajar ao Rio em dezembro para participar de uma conferéncia sobre musica e inteligéncia artificial
que serdrealizada na Universidade Federal do Rio de Janeiro. Ele ira com um de seus alunos.”

T

h<0> j,<T> » To decode the correct pronoum (Ele), the
Encoder has to carry the information about the

8 S 0615 . Decoder RNN subject(Lucas) from the beginning of the input.
> —-0.5] -
0] Encoder RNN —0.3 » Thisis hard because the encoder updates &
bottleneck sequentially

T

x = "Lucasistraveling to Rio in December to attend a conference about music and artificial intelligence that will be
hosted at the Federal University of Rio de Janeiro. He will go with one of his students.”

UF



Attention: Intuition

The idea behind attention is to allow the decoder to look at each input word at every decoding

step t, instead of memorizing the whole input sequence into a single hidden state A<+
Without attention With attention
(Memorize the whole sequence before decoding) (Look at each input word at every decoding step #)
y<1> y<2> &<1> y<2>
Decoder V= <SO0S>— Lucas— ird— ... Decoder y = <S0S>— Lucas— ird— ...
/}
Encoder | /;<°> Encoder v
T/CS
X = "Lucasistraveling in December.” X = "Lucasistraveling in December.”
a <> are weights representing how much “attention’ the

<t'™> AL>

decoder should give to word x when decoding the word y

UF Bahdanau et. al., 2014. Neural machine translation by jointly learning to align and translate

24



The Context Vector

The weighted hidden states are summed to form a context vector ¢ <" for each decoding step ?.

» [The context vector emphasizes the words that are more important for a particular decoding step

ALZ]l>

Y

Decoder y = <S0S> > [ ucas

157
Ly 537“

0

a<1’4>h<4>

ALD2>

Y

> rg =

X = "Lucasistraveling in December.”

’\<Ty>

Y

—> Jezembro

The key challenge of implementing attention

IS how to compute the weights o

UF

<l‘,l">|

a<1’1>h<1>

_|_
<1,2>h<1>

_|_
<1,3>h<3>

a

a
+

0(<1’4>h<4>
_|_

0{<1’5>h<5>

/
CX<JJ:>

=0.79 -

= 0.10 -

= 0.05 -

= 0.05 -

= 0.01 -

some up to 1

C<1>

037
0.018
1 0.805 |

Note how ¢ <} is

similar k<> since the
model is giving more

attention to A<!>

25



AttentiOn Use states s<*=1> to produce

a<""> so the model can have
different context per
decoding step.

h<0> >| <I> [ Hh<2> - <3> |— h<+> |- j<5> > (<0>
Lucas ira viajar em Dezembro <S0S>
\ |
N —— ./
UF Encoder[E]} Decoder|[D]
26



AttentiOn Use states s<*=1> to produce

a<""> so the model can have
different context per
decoding step.

T&<1,1> I&<1,2> T &<1,3> T &<1,4> T&<1,5>

a1 = tanh(Wh="> + Wps <) | FC7_| | e | [ rc || Fc | ] FCA_I

(alignment function) 1 4
h<0> >| <I> [ Hh<2> - <3> |— h<+> |- j<5> > (<0>
Lucas ira viajar em Dezembro <S0S>

‘ —
—

Encoder | E Decoder|D
UF [E] []27



AttentiOn Use states s<*=1> to produce

a<""> so the model can have
different context per
decoding step.

0 0 A 0\ A
exp(W- &<1,t'>) a<1,1> a<1,2> 0{<1’3> 0{<1’4> a<1,5>
a<1,t’>=
5 A )
2y exp(W - a<tr>) Softmax
(normalization function) T&<1,1> )[ H<1.2> T H<1.3> T G<1.4> T&<1,5>
a1 = tanh(Wh="> + Wps <) | FC7_| | e | [ rc || Fc | ] FCA_I
(alignment function) 2 2 2 A
g
h<0> >| <I> [ Hh<2> - <3> |— h<+> |- j<5> > (<0>
Lucas ira viajar em Dezembro <S0S>
| N
N ——————————————————————
UF Encoder[E]} Decoder|[D]
28



AttentiOn Use states s<*=1> to produce

a<""> so the model can have
different context per

decoding step.
A<l t’> <1,1> <1,2> <1 3> <1 4> <1 5>
o <1> — exp(W - a ) « I .

5 A /
2y xp(W - a<l>) | Softmax
(normalization function) T&<1,1> )[ H<1.2> T H<1.3> T &<1,4> T&<1,5>
G<LI> — tanh(W1h<t>+W2S<O>) ‘ £C L cC \ L \ L cC \ ‘ FCA_I
(alignment function) 1 £ 4
\ | | |
h<0> >| <I> [ Hh<2> - <3> |— h<+> |- j<5> > (<0>
Lucas ira viajar em Dezembro <S0S>

‘ | —
—

Encoder | E Decoder|D
UF [E] []29



5

- <> _ <1,t’>h<t’>
Attenthn ‘ Za Use states s<*=1> to produce

t'=1 1‘

a<""> so the model can have
different context per

()
Q Q Q Q decoding step.
<1,2> % <1,3>

1 exp(W- &<1,t'>) a<1,1> /I o <1 4> <1 5>
05< 1> —
5 1
zt’zl exp(W - a<l1>) , Softmax / /
(normalization function) &<1 1> )[ a2 T H<1.3> T G<1.4> T&<1,5>
G<LI> — tanh(W1h<t>+W2S<O>) ‘ £C cC \ L \ L cC \ ‘ FCA_I
(alignment function) 0 2 A
g
- | )
\ \ | |
h<0> >| <I> [ Hh<2> - <3> |— h<+> |- j<5> > (<0>
Lucas ira viajar em Dezembro <S0S>

—/

Encoder | E Decoder|D
UF [E] []30



5

- <> _ <1,t’>h<t’>
Attenthn ‘ Za Use states s<*=1> to produce

t'=1 1‘

a<> so the model can have
different context per

()
Q Q ° Q decoding step.
<1,2> % <1,3>

s exp(W- &<1,t'>) 05<1’1> /I o <1 4> <1 5>
’ ) Zf,zlexp(W-&<1J’>) , Softmax / /
(normalization function) &<1 1> )[ H<1.2> T H<1.3> T G<1.4> T&<1,5>
a1 = tanh(W,h<"> + W,s<0>) ‘ FC _F(,:_l Lﬁ_l L FC \ ‘ FCA_I
(alignment function) 1 - 2 t
. | )
\ | | |
h<0> >| <I> [ Hh<2> - <3> |— h<+> |- j<5> > ¢<0> S ¢<I> .
T T T T T >$ concat
Lucas ira viajar em Dezembro <S0S>

—/

Encoder | E Decoder|D
UF [E] []31



5

. / /
Attention =X«
= T Use states s<"~'> to produce
G a<""> so the model can have
different context per
Q Q %}E ° Q decoding step.
exp(W - &<1,t'>) 05<1’1> /I a<1,2> <1,3> <1 4> <1 5>
a<1,t’>=
5 A /
2. exp(W- a<lr>) { Softmax / / |
L . a<l>
(normalization function) &<1 1> )[ a2 T H<1.3> T G<1.4> T&<1,5> y
Lucas
G<L> — tanh(W1h<t>+W2S<O>) ‘ cC cC \ L \ L cC \ ‘ FCA_I -
(alignment function) 1 - 2 -
- | _
\ | | |
h<0> >| <I> [ Hh<2> - <3> |— h<+> |- j<5> > ¢<0> S ¢<I>
[ [ [ [ [ >$
Lucas ira viajar em Dezembro <S0S>

—/

Encoder | E Decoder|D
UF [E] []32



Attention «-Z«ne

C<1>
5 Use states s<*=1> to produce
G a<""> so the model can have
N different context per
Q ?ﬁ ° Q decoding step.
exp(W - &<1,t'>) 05<1’1> /I a<1,2> 0{<1’3> 0{<1’4> 0{<1’5>
a<1,t’> —
5 A /
2. exp(W- a<lr>) | Sc!ftmax / / |
. . a<l>
(normalization function) T G<L1> )[ a2 T H<1.3> T G<1.4> T&<1,5> y -
| | Lucas
G = tanh(Wh<"> + W,s<%) ‘ FC L FC \ L FC \ FC \ ‘ FCA_I A
(alignment function) 1 - % A -
. | )
\ | | |
h<0> >| <I> [ Hh<2> - <3> |— h<+> |- j<5> > ¢<0> S ¢<I> S
[ [ [ [ [ >$
Lucas Ira viajar em Dezembro <S0S>| ™ Lucas

—/

Encoder | E Decoder|D
UF [E] []33



Attention «-Z«n

C<2>
T
(+)
(%) ) (0
0{<2’3>
|

Use states s<*=1> to produce
a<""> so the model can have
different context per
decoding step.

, exp(W - &<2,t'>) o <%1> / I o <22> o 24> o <20>
a< JA>
5 A /
2y Xp(W - a<212) | Softmax / /
(normalization function) T&<2,1> )[ 5<2.2> T 5<2.3> T H<24> T&<2,5>
a1 = anhWh<>+Wos<>) [ /e | |[Fc | [[Frc | || Fc | | FCA_I
(alignment function) 4 £ £ 4
\ | | |
h<0> >| <I> [ Hh<2> - <3> |— h<+> |- j <>
Lucas Ira viajar em Dezembro
~———
UF Encoder[E]

<l>

Lucas

—

Decoder|[D]
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5
<> — Z o <Lt>p<t>

®
Attention
t'=1 1
)
(0 () (0
, exp(W- &<z,t'>) 05<2’1> / I a<2,2> 0{<2’3> a<2,4> 0{<2’5>
a< JA>
zf’:l exp(W- a<>1>) | So’ftmax / /
(normalization function) T&<2,1> )[ 522> T 523> T 524> T&<2,5> j\,<2>
> = anhWih<> + Ws™) | [rc | || Fc | [[Fc | e | | FCA_I Iia
(alignment function) ¢ £ t 4 +
- | -
\ | | |
h<0> >| <I> [ j<2> Hh<3> - h<4> h<5> <l> S<2>
Lucas ira viajar em Dezembro Lucas
1
UF Encoder[E]} Decoder|[D]
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Visualizing Attention

Visualizing the attention weights a<**> helps analyzing how the model is attending to different words
as it decodes the translation.

Bahdanau Attention Weights Visualization

o
oo

Lucas

o
~

©
o

IS -

o
w1

traveling -

Target (English)
o
I
Attention Weight

I
o
w

in -

[
o
N

I
o
-

December -

Source (Portuguese)

UF
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Implementing Attention in PyTorch

class BahdanauAttention(nn.Module):
def init_ (self, hidden_dim):
super().__init_ ()
self.Wl = nn.Linear(hidden_dim, hidden_dim, bias=False)
self.W2 = nn.Linear(hidden_dim, hidden_dim, bias=False)
self.v = nn.Linear(hidden _dim, 1, bias=False)

nn.init.xavier_uniform_(self.Wl.weight)
nn.init.xavier_uniform_(self.W2.weight)
nn.init.xavier_uniform_(self.v.weight)

forward(self, hidden, encoder_outputs, mask):

self.v(torch.tanh(self.Wl(encoder_outputs) + self.W2(hidden).unsqueeze(1l))).squeeze(-1)

a = F.softmax(e.masked fill(mask == 0, -1el10), dim=1)

return a




Next Lecture

L17: Iranstormers

Solving sequential problems using only attention (without recurrence).

UF
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