Thang Luong
Lecture @ CS224N

(Thanks to Chris Manning, Abigail See, and

Russell Stewart for comments and discussions.)
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Sixi roasted husband Meat Muscle Stupld
Bean Sprouts

Let’s backtrack

[rescue] [staff] [in] [collapse] [of] [house] [in] [search] [survivors]

iz AR £ I N BE B Sk £75%F.

Rescue workers search for survivors in collapsed houses

(From Chris Manning)

* MT: learn to translate from parallel corpora.
NERE ¥187/5)
Sixi roasted husband Meat Muscle Stupld
Bean Sprouts

Let’s backtrack — Approaches Can we build a “sentence” table?

WHAT THE BRITISH SAY WHAT THE BRITISH MEAN
QO With the greatest respect You are an idiot

lady madam; mi UThat’s not bad UThat’s good
v. to lord it over, ¢ :
d-—""" SV el EERTRIE Copereen L : i O Very interesting UThat is clearly nonsense
.: T Y IR H&zj'a":cﬁ‘ e 0 Quite good QA bit disappointing
Probabilistic “Dictionary” Phrase Table
(Brown et al., 1993) (Koehn et al., 2003, Och & Ney, 2004)

* |V|N combinations in principle.

— English: average sentence length 14 (~ 70 chars).
It's 2015! “Sentence” Table? — 10%4*70*2 bytes = 14M gigabytes.



Neural Machine Translation
to the rescue!

* Store a sentence table implicitly.

* Simple and coherent.

But we need to understand
Recurrent Neural Networks first!

Recurrent Neural Networks (RNNs)

target chars: ‘e” qF “r “o"

Character-level
language model

example
Vocabulary:
[he,l0]
Example training
sequence:
“hello”
f !
input chars:  “h” “e" iR a7
(Picture adapted from Andrej Karparthy)
RNN - Hidden Layer
Character-level (I ‘; tl 1' 1°
language model T T T T
example hi =0 (Wapz, + Whphyi_1)
Vocabulary: hey h,
[h’e’ |,0] hidden layer E % VAL
0.9 0.7
Example training
sequence: ] T T TW-X"
“hello” _ .
input layer 0 X,
0
input chars:  “h” “e" iR a7

(Picture adapted from Andrej Karparthy)

Outline
* Recurrent Neural Networks (RNNs)
* NMT basics (Sutskever et al., 2014)

» Attention mechanism (Bahdanau et al., 2015)

RNN - Input Layer

target chars: ‘e” AR “r “o"

Character-level
language model

example
Vocabulary:
[h,e,l,0]
Example training ] T T T
sequence:
“hello,, | ﬂ ﬂ ﬂ
input layer 0
0
input chars:  “h” “e" SR a7
(Picture adapted from Andrej Karparthy)
RNN - Hidden Layer
Character-level e ‘; tl 1' 1°
language model T T T T
example hi =0 (Wapz, + Whphyi_1)
Vocabulary: hey h,
[h’e’l’o] hidden layer E W—hh
0.9 0.7
Example training
sequence: ] T T TW-X"
“hello,, | ﬂ ﬂ ﬂ
input layer 0 X,
0
input chars:  “h” “e" SR a7

RNNs to represent sequences!



Outline Neural Machine Translation (NMT)

* NMT basics (Sutskever et al., 2014)
— Encoder-Decoder.
— Training vs. Testing. P
— Backpropagation.
— More about RNNs.

a student

Je suis étudiant

* Model P(target | source) directly.

* Attention mechanism (Bahdanau et al., 2015)

Neural Machine Translation (NMT) Neural Machine Translation (NMT)

| am a student — Je  suis étudiant

| am a student

Je suis étudiant

* RNNs trained end-to-end (Sutskever et al., 2014). * RNNs trained end-to-end (Sutskever et al., 2014).

Neural Machine Translation (NMT) Neural Machine Translation (NMT)

| am a student — Je  suis étudiant

| am a student

Je suis étudiant

* RNNs trained end-to-end (Sutskever et al., 2014). * RNNs trained end-to-end (Sutskever et al., 2014).



Neural Machine Translation (NMT)

Je

| am a student — Je  suis étudiant

* RNNs trained end-to-end (Sutskever et al., 2014).

Neural Machine Translation (NMT)

Je suis étudiant

| am a student — Je  suis étudiant

* RNNs trained end-to-end (Sutskever et al., 2014).

Word Embeddings

Je suis étudiant —

Source Target
embeddings embeddings
I I I | | I I

| am a student — Je suis étudiant

e Randomly initialized, one for each language.
— Learnable parameters.

Neural Machine Translation (NMT)

Je suis

| am a student — Je  suis étudiant

* RNNs trained end-to-end (Sutskever et al., 2014).

Neural Machine Translation (NMT)

Je suis étudiant —

4
Encoder Decoder

| am a student — Je  suis étudiant

* RNNs trained end-to-end (Sutskever et al., 2014).

* Encoder-decoder approach.

Recurrent Connections

Initial Je suis étudiant —
states

| am a student — Je  suis étudiant

¢ Oftensetto 0.



Recurrent Connections

Je suis étudiant —

Encoder
1t layer

| am a student — Je  suis étudiant

* Different across layers and encoder / decoder.

Recurrent Connections

Je suis étudiant —

Decoder
1st layer

| am a student

- Je  suis étudiant

* Different across layers and encoder / decoder.

Outline

* NMT basics (Sutskever et al., 2014)
— Encoder-Decoder.

— Training vs. Testing.
— Backpropagation.
— More about RNNs.

* Attention mechanism (Bahdanau et al., 2015)

Recurrent Connections

Je suis étudiant —

Encoder
2nd Jayer

| am a student — Je  suis étudiant

* Different across layers and encoder / decoder.

Recurrent Connections

Je suis étudiant —

Decoder
2nd Jayer

| am a student — Je  suis étudiant

* Different across layers and encoder / decoder.

Training vs. Testing
Je suis étudiant —
e Training
— Correct translations

are available.

! am a student — Je  suis étudiant

* Testing

— Only source
sentences are given.

am a student — Je %Jdiant



étudiant — étudiant —

Training — Softmax Training — Softmax

Softmax Softmax

parameters parameters

Scores Scores Probs

I I softmax
suis suis funcnon P(suis | Je, source)
* Hidden states ~ scores. * Scores ~ probabilities.
Training Loss Training Loss
Je suis étudiant — -log P(Je)
am a student — Je  suis étudiant | am a student — Je  suis étudiant

* Maximize P(target | source): * Sum of all individual losses

— Decompose into individual word predictions.

Training Loss Training Loss
-log P(suis) -log P(étudiant)
| am a student — Je  suis étudiant | am a student — Je  suis étudiant

e Sum of all individual losses e Sum of all individual losses



Training Loss

-log P(_)

| am a student — Je  suis étudiant

e Sum of all individual losses

étudiant

Testing

I am a student = moi

* Feed the most likely word

moi suis étudiant _

Test ng étudiant

* Feed the most likely word

étudiant

Testing

I am a student _

* Feed the most likely word

moi suis étudiant

Test ng étudiant

I am a student - moi suis

* Feed the most likely word

moi suis étudiant _

Test ng étudiant

NMT beam-search decoders
are much simpler!



Outline

* NMT basics (Sutskever et al., 2014)
— Encoder-Decoder.
— Training vs. Testing.
— Backpropagation.
— More about RNNs.

* Attention mechanism (Bahdanau et al., 2015)

Backpropagation Through Time

-log P(étudiant)

4

| am a student — Je suis étudiant

Backpropagation Through Time

P(suis)

4

| am a student — Je suis étudiant

Backpropagation Through Time

-log P(L)

d « Initto 0

| am a student — Je  suis étudiant

Backpropagation Through Time

-log P(étudiant)

)

| am a student — Je suis étudiant

Backpropagation Through Time

P(suis)

4

| am a student — Je suis étudiant



Backpropagation Through Time

| am a student — Je  suis étudiant

RNN gradients are accumulated.

Recurrent types — vanilla RNN I_=

hi_1 mht =0 (Wahxi + Whrhy_1)

Ty

Vanishing gradient problem!

Vanishing gradients

oh

Wt; = diag (0'(...)) Whn Chain Rule
Oh

Haht—tl <\ Bound Rules
Oh, k .

” oh .| S (7A1) Chain Rule

(Pascanu et al., 2013)

Outline

* NMT basics (Sutskever et al., 2014)
— Encoder-Decoder.
— Training vs. Testing.
— Backpropagation.
— More about RNNs.

* Attention mechanism (Bahdanau et al., 2015)

Vanishing gradients

h; =0 (Wgnxi + Wrphy_1)

oh .
LR
oh .
o] < s
<M
\
Bound ||diag (o/(...))|| Largest singular value Wy, "
(Pascanu et al., 2013)
Vanishing gradients
hi =0 (Wzrxi + Whphi 1)
Oh
s W
Oh
o] <o
oh , 1
it < e i <

(Pascanu et al., 2013)



Recurrent types — LSTM

hi_, h;
Ct—1 Cte_
Tt LSTM cells

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

* LSTM cells are additively updated
— Make backprop through time easier.

hy_q hy
Building LSTM ct_lzm:ct

Input
gates 1t sigm

X
= T4n><2n |:h,tt1:|

ilt tanh
Ct = Ct—1 + hy
h; = Ct.

* Add input gates: control input signal.

hy_q hy
Building LSTM ct_lzm:ct

Tt
N sigm
fe | | sigm T { Ty }
Output - : AnXx2n
gates 9t S1gmm h’t_l
ht tanh

ct = froci_1 +i0hy

h; :o tanh(cy)
* Add output gates: extract information.
* (Zaremba et al., 2014).

* A naive version.

hy_q hy
Building LSTM ct_lzm:ct

Lt
N sigm
Forget ft . Sigm T Tt
gates - 4nx2n h't—l
ht tanh
Cy :O Ci_1+ it @) ht
hy = Ct

* Add forget gates: control memory.

Why LSTM works?

Ci_1 O ct!—»
| /N

hi_4 ft itjzt Ot— hy

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



Why LSTM works?
BN

Ct—_1 -

by

=

Ty

* The additive operation is the key!

* Backpropation path through the cell is effective.

Forget gates are important!

English — French WMT Results

Systems BLEU

Standard MT + neural components

Cho et al. (2014) — phrase table neural features 34.5

English — French WMT Results
Systems BLEU
345

Sutskever et al. (2014) — ensemble LSTMs m

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.

* LSTM vs. GRU: mixed results (Chung et al., 2015).

English — French WMT Results

Systems BLEU

Standard MT + neural components

Cho et al. (2014) — phrase table neural features 34.5

Sutskever et al. (2014) — ensemble LSTMs 34.8

Effects of Translating Rare Words

40 - ==Durrani et al.
(37.0)
@35 ) “~Sutskever et al.
] (34.8)
30 AT “-Luong et al.
25 ‘ ‘ ‘ (37.5)

400 00 x\—DQ)O 1500

Sentences ordered by average frequency rank



Deep RNNs

Sutsk tal., 2014 .
(Sutsleever stal. 200 Summary Outline

¢ Generalize well.

| am a student - Je suis étudiant ° Sma” memory.
Bidi i I RNN ] i
idirectiona s ) * Attention mechanism (Bahdanau et al., 2015)
(Bahdanau et al., 2015) * Simple decoder.

Je suis étudiant -

T

- Je suis étu:]ianl

| am a student

Sentence Length Problem Why?

Je  suis

Without attention

With attention

| am a student — Je  suis étudiant

BLEU score
2

—  RNNsearch-50 f...........
"""" RNNsearch-30 :

¢ A fixed-dimensional source vector.

5H = - RNNenc-50
- RNNenc-30 | RN
0% = 55 30 I 50 50 ¢ Problem: Markovian process.

Sentence length (Bahdanau et al., 2015)

Alignments as a by-product
Attention Mechanism & . Y-P

agreement
European
Economic
Area

was

the
signed
August
1992

The

Je suis 5 <
A L
— accord|
sur
la|
Pool of
économique
source européenne,
a
states été
signé
en
| | | | 2out
| am a student — Je  suis étudiant 1992

<end>|

. (Bahdanau et al., 2015)
* Solution: random access memory

— Retrieve as needed. * Recent innovation in deep learning:
. . — Control problem (Mnih et al., 14)
— cf. Neural Turing Machine (Graves et al., 2014). — Speech recognition (Chorowski et al., 15)

— Image caption generation (Xu et al., 15)



What's next?
Simplified Attention i /
(Bahdanau et al., 2015) ?

+

Deep LSTM -
(Sutskever et al., 2014)

Attention Mechanism — Scoring Attention Mechanism — Scoring

score(hy, hs)

3
? ?
| am a student — Je | am a student — Je
* Compare target and source hidden states. * Compare target and source hidden states.
Attention Mechanism — Scoring Attention Mechanism — Scoring
score(hy, hy) score(hy, hy)
3 5 3 5 1
? ?
| am a student — Je | am a student — Je

* Compare target and source hidden states. * Compare target and source hidden states.



Attention Mechanism — Scoring

score(hy, hs)

3 5 1 1

| am a student — Je

* Compare target and source hidden states.

Attention Mechanism — Context vector

Context vector

| am a student — Je

* Build context vector: weighted average.

Attention Mechanism — Predict
Context vector X

| am a student — Je

¢ Predict the next word.

Attention Mechanism — Normalization

a; 03 05 01 01

| am a student — Je

* Convert into alignment weights.

Attention Mechanism — Hidden state

Context vector

| am a student — Je

* Compute the next hidden state.

Attention Mechanism — Score Functions

score(hy, hs)=
'U;r tanh (Wa[ht; f_Ls]) (Bahdanau et al., 2015)



Attention Mechanism — Score Functions

h/ h,
score(hy, hg) = h;rWa’_ls

v/ tanh (Wa[ht; f_Ls]) (Bahdanau et al., 2015)

* More focused attention (Luong et al., 2015b)
— Focus on a subset of words each time.

English-German WMT Results

Systems BLEU

SOTA in WMT’14 (Buck et al., 2014) ‘ 20.7
NMT

Jean et al., (2015) — GRUs + attention 21.6

Luong et al. (2015b) — LSTMs + improved attention | 23.0 (+2.3)

~o Al

better!

Sample English-German translations

src | Orlando Bloom and Miranda Kerr still love each other

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

Sr

ref | Orlando Bloom und Miranda Kerr lieben sich noch immer

English-German WMT Results

Systems BLEU

SOTA in WMT'14 (Buck et al., 2014) 207
NMT
Jean et al., (2015) — GRUs + attention - 216

b

SOTA!

Translate Long Sentences

Attention

25

urs, no attn (BLEU 13.9)
*ours, local-p attn (BLEU 20.9)
Hours, best system (BLEU 23.0)

WMT’14 best (BLEU 20.7)
eans et al., 2015 (BLEU 21.6)

40 50 60
Sent Lengths

10 20 30 70

(Luong et al., 2015b)

Sample English-German translations

" We ' re pleased the FAA recognizes that an enjoyable passenger experience is
with safety and security , " said Roger Dow , CEO of the U.S.
rave

Association .

Gl

best | Orlando Bloom und|Miranda Kerr|lieben einander noch immer .

re

“ Wir freuen uns, dass die FAA erkennt , dass ein angenehmes Passagiererlebnis
nicht im Wider- spruch zur Sicherheit steht ” , sagte Roger Dow , CEO der U.S.
Travel Association .

=

base | Orlando Bloom undlieben einander noch immer .

* Translate names correctly.

(Luong et al., 2015b)

best " Wir freuen uns, dass di nnt, dass ein angenehmes ist nicht mit
Sicherheit und Sicherheit|unvereinbar|ist ” , sagte Roger Dow , CEO der US - die .

" Wir freuen uns u'ber die <unk>, dass ein <unk> <unk> mit Sicherheit nicht
base ist mit Sicherheit und Sicherheit ", sagte Roger Cameron , CEO der US
-<unk>".

* Translate a doubly-negated phrase correctly

(Luong et al., 2015b)



src

Sample English-German translations

" We ' re pleased the FAA recognizes that an enjoyable passenger experience is
not incompatible with safety and security , " said Roger Dow , CEO of the U.S.
Travel Association .

src

Sample English-German translations
" We ' re pleased the FAA recognizes that an enjoyables

not incompatible with safety and security , " said Roger Dow , CEO of the U.S.
Travel Association .

“ Wir freuen uns , dass die FAA erkennt , dass ein angenehmes Passagiererlebnis

“Wir freuen uns, dass die FAA erkennt, dass ein angenehmeslPassagiererlebnis I
nicht im Wider- spruch zur Sicherheit steht ” , sagte Roger Dow, er US.

ref nichtlim Wider- spruch zur Sicherheit stehtI’ , sagte Roger Dow , CEO der U.S. ref
Travel'Association . Travel Association .

best " Wir freuen uns, dass die FAA anerkennt , dass ein angenehmes ist nicht mit best " Wir freuen uns, dass die FAA anerkennt , dass ein angenehmes ist nicht mit
Sicherheit und Sicherheit unvereinbar ist ", sagte Roger Dow , CEO der US - die . Sicherheit und Sicherheit unvereinbar ist ", sagte Roger Dow , CEO der US - die .
" Wir freuen uns u'ber die <unk>, dass ein <unk> <unk> mit Sicherheit nicht " Wir freuen uns u'ber die <unk>, dass ein <unk> <unk> mit Sicherheit nicht

base| vereinbar ist mit Sicherheit und Sicherheit ", sagte Roger Cameron , CEO der US base| vereinbar ist mit Sicherheit und Sicherheit "', sagte Roger Cameron , CEO der US

- <unk>. - <unk>.

* Translate a doubly-negated phrase correctly * Fail to translate “passenger experience”.

(Luong et al., 2015b) (Luong et al., 2015b)

Sample German-English translations

Wegen der von Berlin und der Europa‘ischen Zentralbank verha ngten strengen
Sparpolitik in Verbindung mit der Zwangsjacke , in die die jeweilige nationale
Wirtschaft durch das Festhal- ten an der gemeinsamen Wa'hrung geno'tigt wird ,
sind viele Menschen der Ansicht, das Projekt Europa sei zu weit gegangen

The austerity imposed by Berlin and the European Central Bank ,lcoupled with
ref | the straitjacketlimposed on national economies through adherence o the

common currency , has led many people to think Project Europe has gone too far .

Summary

Je suis étudiant —

src

Deep LSTM

kever et al., 2014)

=

I am a student — Je suis étudiant

agreement

on
European

Economic

The
the

Because of t)—le strict austerity measures 'mngs,ef by Berlin and the European
best Central Bank|in connection with the straitjacket|in which the respective national + o
economy is forced to adhere to the common currency , many people believe that accorg
the European project has gone too far .

économique
européenne|
a|

éte

signé.

en

a0t

1992|

Because of the pressure imposed by the European Central Bank and the Federal
Central Bank with the strict austerity imposed on the national economy in the
face of the single currency , many people believe that the European project has
gone too far.

Simplified Attention

base

(Bahdanau et al., 2015)

(Luong et al., 2015b) <end>

* Translate well long sentences.
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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) Erite GRU

Recursive CNN

LSTM Backpropagation

B E
T8 T
hi_, .ft ":tjlt Ot— hy«— 5h

,

* Deltas sent back from the top layers.

LSTM Backpropagation — Context

8. += 6,0 tanh'(c;)|

s 5.

Ct—1 Ctl—

|
hi_1 .ft ":tjlt hy«— 5h

\hy = 04 o tanh(cy) ,

* Complete context vector gradient.

Important LSTM components?
[ LsTv |

Ct—1 Ci—>
ht—l ﬂitjﬁt Or—> hy—>

1
Tt

* (Jozefowicz et al., 2015): forget gate bias of 1.
ct = froci_1 +i0hy

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

hy = o4 O(Ct)

LSTM Backpropagation — Context

B E 1o
TR
hi_y .ft ":tjlt Ot«—hys— 5h

\hy = 04 o tanh(cy) .,

LSTM Backpropagation — Context

ct = froci_1 +1.0hy

Ci—1 —5< SCpef—
NV

hi_1 It ":tjlt O «—hy«—

=1
Ty




LSTM Backpropagation — Context

ct = froci_1 +1.0hy

* First, use &, to compute gradients for f it h;.

[N sigm
ft| | sigm Tt
LSTM BaCkprOP < sigm Tinxon [ht—lj|
h: tanh
Ctl—l Oc /K Ct«—
hi_, ft "-'tjlt Otr—hy«—
1t sigm
ft| | sigm Tt
LSTM Backprop (2| = | Gony | Towse [h}

ht tanh
0, += upper grad

M\a v,

T IT
) v A
ht_l h .ft thht Ot‘_ht P

I
Ty

* Add gradients from the loss / upper layers.

LSTM Backpropagation — Context

0. =0.0 fi Ce = frocCi_1 + 440 hy

N N,

Ci—1 /K c Ct «—

hi_1 It itjlt Op«—hy«—

I
Ty

* Then, update d..

it sigm
ft| | sigm Tt
LSTM Backprop o sigm [ht_l}
h: tanh

EiN ; IS

Ci_1 = /K Ct «—
ht—l .ft ?"tj}’t Ot‘_ht*—

 Compute gradients for Ty, 2, , Tt, Pe—1.

Summary
LSTM backpropagation is nasty. %

But it will be much easier if:

— Know your matrix calculus! Y
— Pay attention to d,, and §y, . ?\



Other Attention Functions

* Content-based: a; = Attend(h;_1, ’_Ll...s)

* Location-based: a; = Attend(h;_1,a; 1)
— (Graves, 2013): hand-writing synthesis model.

* Hybrid: a, = Attend(h;_1,a; 1, h;._s)

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

Context vector

Aligned position
b

Predict aligned positions

(0,1]

=5 ~\si§>;moid tanh (W)

Real value in [0, S] Source sentence

How do we learn to the position parameters?

=S sigmoid(v;,r tanh(Wphy))
Truncated Gaussian

1

0.8r

0.6r

0.4r

0.2r

0

35 4 45 5 55 6 65 7 75
S

* Favor points close to the center.

Local Attention (Luong et al., 2015b)

* More focused attention.
— Potentially useful for longer text sequences.

’!
Context vector

[Pt—D,pt-i‘D]

\ Aligned position aligned
T vlp—dl—l positions?
- - '4

=S sigmoid(v;,r tanh(Wphy))

Alignment Weights
;
08 pp=55 D=2
0.6
0.4 0.4

0.4 " a;
0.2 ‘ ‘ 0.1 0.1
0 ) s 7y

[pt 7pt+D]

=5- sigmoid(v;,r tanh(Wphy))
Scaled Alignment Weights
(s —pe)°
ay(s) exp <_T
1 T T T T T T T T

0.8-
New Peak
0.6
0.4r
o ' A B

35 4 45 5 55 6 65 7 75

Differentiable almost everywhere!




