Neural Machine Translation

Thang Luong
Tutorial @ Stanford NLP lunch

(Thanks to Chris Manning, Abigail See, and
Russell Stewart for comments and discussions.)
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Interlingual

Semantic structure Semantic structure

Syntactic structure Syntactic structure

Source words Target words

The Vauquois Diagram (1968)



Interlingual

Semantic Semantic

Direct approach

Syntactic Syntactic

Words Words

She loves cute cats
Elle aime les chats mignons
Translate locally!




Interlingual

Semantic Semantic

Transfer approach

Syntactic Syntactic

Words Words

m Mary did not slap the green witch

Maria no daba una bofetada a la bruja verde

Complex, slow, need lots of resources!




Interlingual

Neural Machine Translation

Words Words

* Simple
— Skip intermediate structures.

* Generalization
— With distributed representations.



Outline

 NMT basics (Sutskever et al., 2014)

— Architecture.
— Recurrent units.

— Backpropagation.

e Attention mechanism (Bahdanau et al., 2015)



Neural Machine Translation (NMT)

I am a student — Je suis étudiant

* Big RNNs trained end-to-end.
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Neural Machine Translation (NMT)

Je suis étudiant —

am a student — Je suis étudiant

* Big RNNs trained end-to-end: encoder-decoder.



Word Embeddings

Je suis étudiant —

Source Target
embeddings 7 5 OEIE K 3 : embeddings

| | | I I I I I
| am a student — Je suis étudiant

 Randomly initialized, one for each language.



Recurrent Connections

Initial Je suis étudiant —
states

(Y A A

am a student — Je suis étudiant

e Often set to 0.
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Recurrent Connections

Je suis étudiant —

Decoder
2" |ayer

(Y A A

am a student — Je suis étudiant

» Different across layers and encoder / decoder.



uis etudlant —

Softmax Layer ,! *@,‘ ,*

Scores

Je I =
V]
Suis
4

e Hidden states — scores.

>




uis etudlant —

Softmax Layer ,! *@,‘ ,*

Output
embeddings
~ Scores Probs
A
Je B I
softmax
V|
suis [ Ll P(suis | Je, source)
A 4

* Scores > probabilities.



Training Loss

Je suis étudiant —
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Training Loss

-log P(_)

N U B R

I am a student — Je suis étudiant

e Sum of all individual losses



Deep RNNs
(Sutskever et al., 2014)

Je suis étudiant —

| am a student — Je suis étudiant

Bidirectional RNNs
(Bahdanau et al., 2015)

suis étudiant -—

I

am a student

Summary

* Generalize well.
* Small memory.

* Simple decoder.



Outline

 NMT basics (Sutskever et al., 2014)

— Recurrent units.

— Backpropagation.

e Attention mechanism (Bahdanau et al., 2015)



Recurrent types — vanilla RNN l—=

ht—l Mht = 0 (TnXQn hztctl )

Lt

Shared over time

Vanishing gradient problem!




Vanishing gradients

h, =0 (Wgrx; + Wrphy 1)

oh .
L _ diag ((7'(. : )) W hh,T Chain Rule
oh;_4

oh
o <l <2,

Bound ||diag (¢/(...))|| Largest singular value W, '

(Pascanu et al., 2013)



Vanishing gradients

h, =0 (Wgnx + Whrh_1)

oh .

— = ding (¢(...)) Win"
Oh;_4
Oh

<t <on
Oh,_4
Oh . 1
Ohy_ Y

(Pascanu et al., 2013)




Recurrent types — LSTM

hi_1

Ct—1

hy

Ct “~
T4 LSTM cells

e Long-Short Term Memory (LSTM)
— (Hochreiter & Schmidhuber, 1997)

 LSTM cells are additively updated

— Make backprop through time easier.



Ct = Ct—1 T hy e,

=1
ht — Ct act—l

e A nalve version.



Building LSTM

Input
gates 14 sigm
Lt
— T nx2n
ht tanh
Ct — Cit—1 - ’i't O ht
ht — Ct

* Add input gates: control input signal.



Building LSTM

s1gm
s1gm €Ty
T n n
e
tanh

It

(47
Forget f t o
gates o
hy
Ct —
ht —

O C¢t—-1 —|—’I,t O ht

Ct

* Add forget gates: control memory.




Building LSTM

1 sigm
It sigm T Ty
Output — : 4n X 2n
gates ?t S _ht—l_
ht tanh

ct = ftoci_1+1.0hy

h: =| o4 o tanh(c;)

e Add output gates: extract information.
e (Zaremba et al., 2014).



Why LSTM works?
s,

Ctl—].i /%i ’Ct —

ht—l ’ft itht Otg)ht >

* The additive operation is the key!
* Backpropation path through the cell is effective.

But forget gates can also be 0?




Important LSTM components?

Ct—1

l

hi_1 g

)

»Ct —

l

—

Lt

* (Jozefowicz et al., 2015): forget gate bias of 1.
ct = ftoci_1 + 140 hy

e (Greff et al., 2015): forget gates & output acts.

ht:OtO

tanh

(ct)



Important LSTM components?

LSTM,_, LSTM,
Ct—1 + >Ct—1>
hi_1 itjlt Ot—> hy—-»

z¢

e (Jozefowicz et al., 2015): forget gate bias of 1.
ct = ftoci—1 + 140 hy

e (Greff et al., 2015): forget gates & output acts.

Forget gates are important!




Other RNN units

* (Graves, 2013): revived LSTM.
— Direct connections between cells and gates.

* Gated Recurrent Unit (GRU) — (Cho et al., 2014a)
— No cells, same additive idea.

e LSTM vs. GRU: mixed results (Chung et al., 2015).
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Encoder-decoder Summary

| Encoder | Decoder _

(Sutskever et al., 2014)
(Luong et al., 2015a) Deep LSTM Deep LSTM
(Luong et al., 2015b)

(Cho et al., 2014a)

(Bahdanau et al., 2015) (Bidirectional)

GRU

(Jean et al., 2015) GRU
(Kalchbrenner & CNN (Inverse CNN)
Blunsom, 2013) RNN
(Cho et al., 2014b) EEICL GRU

Recursive CNN



Outline

 NMT basics (Sutskever et al., 2014)

— Backpropagation.

e Attention mechanism (Bahdanau et al., 2015)



Backpropagation Through Time

-log P(_)

§h> Init to 0

P11

I am a student — Je suis étudiant
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Backpropagation Through Time
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Backpropagation Through Time

P11

I am a student — Je suis étudiant



LSTM Backpropagation

v
Ct—1

T T8

hi_1 > It itjbt Ot— hy <

|
Lt

* Deltas sent back from the top layers.



LSTM Backpropagation — Context

m LSTM, 7 5

hi_q > I itfbt Ot«—hi— 4y,

| N 4

-~

h; = o; o tanh(c;) @t




LSTM Backpropagation — Context

0. += 0,0; tanh’(c;)

\

s 5

CT | /K T

hi_q » S itjbt Otf——hi<t— ¢,

h: = o4 o tanh(c;) z;

 Complete context vector gradient.



LSTM Backpropagation — Context

ct = Jroci_1+ 1. 0hy

v B v, P




LSTM Backpropagation — Context

ct = Jroci_1+ 1. 0hy

s 5
Ct_1+
hi—1 \

» First, use §,, to compute gradients for fi ¢ h,.



LSTM Backpropagation — Context

Oc = 0.0 f Ct:ftOCt—l—F’itOilt

Zimy
hi_1 > I itfbt Ot hy <

|
Lt

 Then, update 0, .



LSTM Backprop

/ sigm\
sigm
sigm

\tanh /




LSTM Backprop

[ sigm\

sigm

sigm

\tanh /

T4n X 2n

hi_1f

e Compute gradients for Ty, 5, , Tt, hi—1 .

A

Ct

|

Lt




LSTM Backprop

/ it\ [sigm )

Jt | | sigm
04 — Slgm T4n><2n [
\ilt) \tanh/

0 += upper grad

C

T\

CTV \

/N

5
Pt "

|
Lt

* Add gradients from the loss / upper layers.



Summary

 LSTM backpropagation is nasty.

e But it will be much easier if:
— Know your matrix calculus!
— Pay attention to 0, and 9§, .



Outline

e NMT basics

e Attention mechanism (Bahdanau et al., 2015)



BLEU score

30

10

Sentence Length Problem

Without attention With attention

|| —  RNNsearch-50 f..eooooeennn. e RS \\\ .......... -
----- RNNsearch-30 | g A AR
H = = RNNene-50  fioeeoeoeennn e D .
RNNenc-30 | : S
] ] ] ] ]
0 10 20 30 40 50 60

Sentence length  (Bahdanau et al., 2015)



Attention Mechanism

Je

am a student — Je suis étudiant

* Problem: Markovian process.

* Solution: random access memory
— A memory of source hidden states.
— cf. Neural Turing Machine (Graves et al., 2014).



Attention mechanism
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(Bahdanau et al., 2015)

Recent innovation in deep learning:
— Control problem (Mnih et al., 14)

— Speech recognition (Chorowski et al., 15)
— Image captioning (Xu et al., 15)



Simplified Attention
(Bahdanau et al., 2015)

Je suis étudiant -

Deep LSTM

(Sutskever et al., 2014)

| am a student — Je suis étudiant



Je suis étudiant —

| am a student — Je  suis étudiant

What’s next?

/

?




Attention Mechanism — Scoring

I am a student —

* Compare target and source hidden states.
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Attention Mechanism — Scoring

score(hy, hy)
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I am a student —

* Compare target and source hidden states.



Attention Mechanism — Normalization

a; 03 05 0.1 01

I am a student —

* Convert into alignment weights.



Attention Mechanism — Context vector

Context vector

I am a student — Je

* Build context vector: weighted average.



Attention Mechanism — Hidden state

Context vector

I am a student — Je

* Compute the next hidden state.



Attention Mechanism — Predict

suis

Context vector A

I am a student — Je

e Predict the next word.



Attention Functions

score(hy, hs) =
’UI tanh (Wa hy; f_zs]) (Bahdanau et al., 2015)



Attention Functions

h, h,
score(hy, hg) = h;rWaf_Ls
fvg tanh (Wa hy; f_LS]) (Bahdanau et al., 2015)

i|> (Luong et al., 2015b)

e Works so far for NMT!
* Concern: insensitive to locations

— Similar weights for same source words
— Bi-directional RNNs can help.



Other Attention Functions

 Content-based: a; = Attend(ht_1, El...S)

* Location-based: a; = Attend(h;_1, a;_1)
— (Graves, 2013): hand-writing synthesis model.

° Hybrld a; — Attend(ht_l, aAi_1, Bl...S)

— (Chorowski et al., 2015) for speech recognition.



Summary

Je suis étudiant —

Deep LSTM
(Sutskever et al., 2014)

| am a student — Je suis étudiant

Simplified Attention
(Bahdanau et al., 2015)
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