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This Lecture

‣ Sequence-to-Sequence Model

‣ Machine Translation 

‣ Reading — Eisenstein 18.3-18.5

‣ Attention Mechanism



MT Basics



MT Basics

Trump Pope family watch a hundred years a year in the White House balcony

People’s Daily, August 30, 2017



MT Basics

Trump and his family watch the once-in-a-century total solar eclipse from the White House balcony

People’s Daily, August 30, 2017



Levels of Transfer: Vauquois Triangle (1968)

Slide credit: Dan Klein



MT Ideally

‣ I have a friend => ∃x friend(x,self)

‣ May need information you didn’t think about in your representation

‣ Everyone has a friend => => Tout le 
monde a un ami

‣ Can often get away without doing all disambiguation — same 
ambiguities may exist in both languages

J’ai une amie

∃x∀y friend(x,y)
∀x∃y friend(x,y)

‣ Hard for semantic representations to cover everything

=>  J’ai un ami



The Birth of MT
‣ Decipherment of the German ENIGMA code 

by the British team that includes Alan Turing

‣ "It is very tempting to say that a book written 
in Chinese is simply a book written in English 
which was coded into the 'Chinese Code'. If 
we have useful methods for solving almost 
any cryptographic problem, may it not be that 
with proper interpretation we already have 
useful methods for translation?”  
Weaver (1955)

Daniel Stein (2013)



History of MT

Image Credit: https://towardsdatascience.com/evolution-of-machine-translation-5524f1c88b25



History of MT

Multilingual  
LLMs


Transformer


2023-

GPT4

Image Credit: https://towardsdatascience.com/evolution-of-machine-translation-5524f1c88b25



Parallel Training Corpus



Phrase-based MT



Phrase-Based MT
‣ Key idea: translation words better the bigger chunks you use

‣ Remember phrases from training data, translate piece-by-piece and 
stitch those pieces together to translate

‣ How to identify phrases? Word alignment over source-target bitext

‣ How to stitch together? Language model over target language

‣ Decoder takes phrases and a language model and searches over possible 
translations

‣ NOT like standard discriminative models (take a bunch of translation 
pairs, learn a ton of parameters in an end-to-end way)



Word Alignment: IBM Model 1

Brown et al. (1993)

Thank you   ,     I    shall   do    so     gladly   .e

‣ Each “Foreign” word is aligned to at most one English word

1 3 7

Gracias  ,      lo  hare  de   muy buen grado  .f

6 8 8 8 8 9a

‣ Set P(a) uniformly (no prior over good alignments) = 1 / (#words in e + 1)

‣                  : word translation probability. Learn with EM (Eisenstein ch 18.2.2)P (fi|eai)

P (f ,a|e) =
nY

i=1

P (fi|eai)P (ai)



Word Alignment
‣ Find contiguous sets of aligned words 

in the two languages that don’t have 
alignments to other words
de assister à la runion et ||| to attend the meeting and à

‣ Lots of phrases possible, count across 
all sentences and score by frequency

 assister à la runion ||| attend the meeting

 la runion and ||| the meeting and

nous ||| we
…



Phrase-Based MT

Unlabeled English data 

cat ||| chat ||| 0.9  
the cat ||| le chat ||| 0.8 
dog ||| chien ||| 0.8  
house ||| maison ||| 0.6  
my house ||| ma maison ||| 0.9 
language ||| langue ||| 0.9  
… 
 
 

Language 
model P(e) 

Phrase table P(f|e) P (e|f) / P (f |e)P (e)

Noisy channel model: 
combine scores from 
translation model + 
language model to 
translate foreign to 

English 

“Translate faithfully but make fluent English” 

}
‣ Goal: translate from Foreign language to English



Seq2Seq Models



Recap: RNN
‣ Transducer: make some prediction for each element in a sequence

‣ Encoder: encode a sequence into a fixed-sized vector and use that for 
some purpose

the  movie  was   great

predict sentiment (matmul + softmax)

translate

the  movie  was   great

DT      NN    VBD     JJ

paraphrase/compress

output y = score for each tag, then softmax



Encoder-Decoder
‣ Encode a sequence into a fixed-sized vector

the  movie  was   great

‣ Now use that vector to produce a series of tokens as output from a 
separate LSTM decoder

le      film   était   bon [STOP]

Sutskever et al. (2014)

‣ Machine translation, NLG, summarization, dialog, and many other tasks 
(e.g., semantic parsing, syntactic parsing) can be done using this framework. 



Model
‣ Generate next word conditioned on previous word as well as hidden state

the  movie  was   great <s>

h̄

‣ W size is |vocab| x |hidden state|, softmax over entire vocabulary

Decoder has separate 
parameters from encoder, so 
this can learn to be a language 
model (produce a plausible next 
word given current one)

P (y|x) =
nY

i=1

P (yi|x, y1, . . . , yi�1)

P (yi|x, y1, . . . , yi�1) = softmax(Wh̄)



Inference
‣ Generate next word conditioned on previous word as well as hidden state

the  movie  was   great

‣ During inference: need to compute the argmax over the word predictions 
and then feed that to the next RNN state 

la     

<s>

‣ Decoder is advanced one state at a time until [STOP] is reached

film était bon [STOP]



Training

‣ Objective: maximize

the  movie  was   great <s> le      film   était   bon

la

‣ One loss term for each target-sentence word, feed the correct word 
regardless of model’s prediction (called “teacher forcing”)

[STOP]était

X

(x,y)

nX

i=1

logP (y⇤i |x, y⇤1 , . . . , y⇤i�1)



Training: Scheduled Sampling

‣ Starting with p = 1 and decaying it works best

‣ Scheduled sampling: with probability p, take the gold (human) translation 
as input, else take the model’s prediction

the  movie  was   great

la      film   étais   bon [STOP]

le film était

‣ Model needs to do the right thing even with its own predictions

Bengio et al. (2015)

sample



Implementing seq2seq Models

the  movie  was   great

‣ Encoder: consumes sequence of tokens, produces a vector. Analogous to 
encoders for classification/tagging tasks

le     

<s>

‣ Decoder: separate module, single cell. Takes two inputs: hidden state 
(vector h or tuple (h, c)) and previous token. Outputs token + new state

Encoder

…

film     

le

Decoder

P (yi|x, y1, . . . , yi�1) = softmax(Wh̄i)



Implementation Details
‣ Sentence lengths vary for both encoder and decoder:

‣ Typically pad everything to the right length

‣ Batching is a bit tricky: 

‣ encoder should use pack_padded_sequence to handle different lengths. 

‣ The decoder should pad everything to the same length and use a mask 

to only accumulate “valid” loss terms

‣ Label vectors may look like [num timesteps x batch size x num labels]

‣ Encoder: Can be a LSTM/CNN/Transformer…



Implementation Details (cont’)

‣ Beam search (next class): can help with lookahead. Finds the 
(approximate) highest scoring sequence:

argmaxy

nY

i=1

P (yi|x, y1, . . . , yi�1)

‣ Decoder: execute one step of computation at a time, so computation 
graph is formulated as taking one input + hidden state.

‣ Test time: do this until you generate the [STOP] token

‣ Training time: do this until you reach the gold stopping point



Attention



Problems with Seq2seq Models

‣ Need some notion of input coverage or what input words we’ve 
translated

‣ Encoder-decoder models like to repeat themselves:

A boy plays in the snow boy plays boy playsUn garçon joue dans la neige

‣ Often a byproduct of training these models poorly. Input is forgotten by 
the LSTM so it gets stuck in a “loop” of generation the same output 
tokens again and again. 



Rare/Unknown Words

The ecotax portico in Pont-de-Buis, around which a violent demonstration 
against the tax took place on Saturday, was taken down on Thursday morning.



Problems with Seq2seq Models

‣ Unknown words:

‣ Encoding these rare words into a vector space is really hard

‣ In fact, we don’t want to encode them, we want a way of directly 
looking back at the input and copying them (Pont-de-Buis)

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



Encoder-Decoder (Recap)
‣ Encode a sequence into a fixed-sized vector

the  movie  was   great

‣ Now use that vector to produce a series of tokens as output from a 
separate LSTM decoder

le      film   était   bon [STOP]

Sutskever et al. (2014)

‣ Machine translation, NLG, summarization, dialog, and many other tasks 
(e.g., semantic parsing, syntactic parsing) can be done using this framework. 



Problems with Seq2seq Models

‣ Bad at long sentences: 1) a fixed-size hidden representation doesn’t scale; 
2) LSTMs still have a hard time remembering for really long sentences

RNNenc: the model we’ve 
discussed so far


RNNsearch: uses attention

Bahdanau et al. (2014)



Aligned Inputs

<s>      le      film   était   bon

the   movie  was   great

the movie was great

le film était bon

‣ Suppose we knew the source and 
target would be word-by-word 
translated (recall the word 
alignment we talked about in 
phrase-based MT)

‣ Can look at the corresponding 
input word when translating — 
this could scale!

le      film   était    bon   [STOP]

‣ How can we achieve this without hardcoding it?
‣ Less burden on the hidden states



Attention

the  movie  was   great <s> le

the
movie was

gre
atthe

movie was
gre

at

… …

‣ At each decoder state, 
compute a distribution over 
source inputs based on 
current decoder state

‣ Use the weighted sum of input 
tokens to predict output



Attention

the  movie  was   great

h1 h2 h3 h4

<s>

h̄1

‣ For each decoder state, 
compute weighted sum of 
input states

eij = f(h̄i, hj)

ci =
X

j

↵ijhj

c1

‣ Some function f  
(e.g., dot product)

‣ Weighted sum 
of input hidden 
states (vector)

le

↵ij =
exp(eij)P
j0 exp(eij0)

P (yi|x, y1, . . . , yi�1) = softmax(W [ci; h̄i])

P (yi|x, y1, . . . , yi�1) = softmax(Wh̄i)‣ No attn: 

the
movie was
gre

at



Attention

<s>

h̄1

eij = f(h̄i, hj)

ci =
X

j

↵ijhj

c1

‣ Note that this all uses outputs of hidden layers

f(h̄i, hj) = tanh(W [h̄i, hj ])

f(h̄i, hj) = h̄i · hj

f(h̄i, hj) = h̄>
i Whj

‣ Bahdanau+ (2014): additive

‣ Luong+ (2015): dot product

‣ Luong+ (2015): bilinear

le

↵ij =
exp(eij)P
j0 exp(eij0)

P (yi|x, y1, . . . , yi�1) = softmax(W [ci; h̄i])



What can attention do?
‣ Learning to copy — how might this work?

Luong et al. (2015)

0 3 2 1 

0 3 2 1 

‣ LSTM can learn to count with the right weight matrix

‣ This is a kind of position-based addressing



What can attention do?
‣ Learning to subsample tokens

Luong et al. (2015)

0 3 2 1 

3 1

‣ Need to count (for ordering) and also determine which tokens are in/out

‣ Content-based addressing



Attention

‣ Decoder hidden states are now 
mostly responsible for selecting 
what to attend to

‣ Doesn’t take a complex hidden 
state to walk monotonically 
through a sentence and spit 
out word-by-word translations

‣ Encoder hidden states capture 
contextual source word identity 
(“soft” word alignment)


Bahdanau et al. (2014)

↵ij =
exp(eij)P
j0 exp(eij0)



the  movie  was   great

Batching Attention

Luong et al. (2015)

the  movie  was   great

token outputs: batch size x sentence length x hidden size

sentence outputs: 
batch size x hidden size

<s>

hidden state: batch size 
x hidden size

eij = f(h̄i, hj)

↵ij =
exp(eij)P
j0 exp(eij0)

attention scores = batch size x sentence length

c = batch size x hidden size ci =
X

j

↵ijhj

‣ Make sure tensors are the right size!



Some MT Results



“Early” Neural MT

Luong et al. (2015)

‣ TensorFlow first released in Nov 2015. 

‣ PyTorch first released in 2016.



MT Examples

Luong et al. (2015)

‣ NMT systems can hallucinate words, especially when not using attention 
— phrase-based doesn’t do this

‣ best = with attention, base = no attention



MT Examples

Luong et al. (2015)

‣ best = with attention, base = no attention



Results: WMT English-French

Classic phrase-based system: ~33 BLEU, uses additional target-language data

Rerank with LSTMs: 36.5 BLEU (long line of work here; Devlin+ 2014)

Sutskever+ (2014) seq2seq single: 30.6 BLEU (input reversed)

Sutskever+ (2014) seq2seq ensemble: 34.8 BLEU

‣ But English-French is a really easy language pair and there’s tons of data 
for it! Does this approach work for anything harder?

Luong+ (2015) seq2seq ensemble with attention and rare word handling: 
37.5 BLEU

‣ 12M sentence pairs



Results: WMT English-German

‣ Not nearly as good in absolute BLEU, but not really comparable across 
languages

Classic phrase-based system: 20.7 BLEU

Luong+ (2014) seq2seq: 14 BLEU

‣ French, Spanish = easiest 
German, Czech = harder 
Japanese, Russian = hard (grammatically different, lots of morphology…)

Luong+ (2015) seq2seq ensemble with rare word handling: 23.0 BLEU

‣ 4.5M sentence pairs



Other Applications of Seq2Seq



Text-to-Text Generation
‣ Text Simplification (with readability constraints)

Since 2010, project researchers have uncovered documents 
in Portugal that have revealed who owned the ship

Scientists have found documents in Portugal. 
 

They have also found out who owned the ship.

Input sentece:

seq2seq models 
(RNN, Transformer)

Generated Output:

Mounica Maddela, Fernando Alva-Manchego, Wei Xu. “Controllable Text Simplification with Explicit Paraphrasing”  (NAACL 2021)  



Regex Prediction
‣ Seq2seq models can be used for many other tasks!

‣ Predict regex from text

‣ Problem: requires a lot of data: 10,000 examples needed to get ~60% 
accuracy on pretty simple regexes

Locascio et al. (2016)



Semantic Parsing as Translation

Jia and Liang (2015)

‣ Write down a linearized form of the semantic parse, train seq2seq models 
to directly translate into this representation

‣ Might not produce well-formed logical forms, might require lots of data

“what states border Texas”

‣ No need to have an explicit grammar, simplifies algorithms

https://www.youtube.com/watch?v=OocGXG-BY6k&t=200sSemantic Parsing/Lambda Calculus:

https://www.youtube.com/watch?v=OocGXG-BY6k&t=200s


SQL Generation
‣ Convert natural language 

description into a SQL 
query against some DB

‣ How to ensure that well-
formed SQL is generated?

Zhong et al. (2017)

‣ Three components

‣ How to capture column 
names + constants?
‣ Pointer mechanisms


