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• We’ll talk about sequence-to-sequence (seq2seq)!


• Encoder-decoder architectures

• The bottleneck: compressing a sentence into one vector

• The birth of “attention” as a weighting mechanism.


• We’ll talk about Machine Translation (MT) as a Case Study


• Lecture plans: A little about MT (15min)  Seq2seq (50min)→

Sequence-to-sequence modeling
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A bit about Machine Translation
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Translation
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• One of the  “holy grail” problems in artificial intelligence


• Practical use case: Facilitate communication between people in the world


• Extremely challenging (especially for low-resource languages)



Berkeley CS 288 

Translation
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How many languages do you speak?

A) 1

B)  2

C)  3

D) 4+
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Machine Translation (MT)
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• Goal: Translate a sentence  in a source language (input) to a sentence 
 in the target language (output)

w(s)

w(t)

I like apples  ich mag Äpfel (German)↔
• Why is MT challenging?

I like apples  J'aime les pommes (French)↔
• Single words may be replaced with multi-word phrases:

• Reordering of phrases:
I like red apples  J'aime les pommes rouges (French)↔

• Context-dependent translations:

les   the    but    les pommes  apples↔ ↔

Extremely large output space  Decoding is NP-hard⟹
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Evaluating machine translation

7

Two main criteria:


• Adequacy: Translation  should adequately reflect the linguistic content of 


• Fluency: Translation  should be fluent text in the target language

w(t) w(s)

w(t)

Different translations of  
“A Vinay le gusta Python” (Spanish)
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Evaluation metrics
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• Manual evaluation: ask a native speaker to verify the translation


• Most accurate, but expensive


• Automated evaluation metrics:


• Compare system hypothesis with reference translations


• BiLingual Evaluation Understudy (BLEU) (Papineni et al., 2002):


• Modified n-gram precision

System predictionsReference translation
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Evaluation metric: BLEU
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• Calculate modified n-gram precision  (usually for 1, 2, 3 and 4-grams)pn

• Plus a “brevity penalty” for too-short system translations

• The final BLEU score takes the geometric mean of  (with smoothing)  brevity penalty pn ×
• BLEU ranges between 0 and 1 and people usually express them in percentage

Sample BLEU scores for various system outputs

BP: brevity penalty

BLEU is useful (and widely 
used) but far from perfect
A good translation can get a 
poor BLEU score because it 
has low n-gram overlap with 
human translation
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Machine translation: Data
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• Statistical MT requires parallel corpora (bilingual) 

(Europarl, Koehn, 2005)

• And lots of it! 

• Not easily available for many low-resource languages in the world
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Machine translation: Data

11

https://www.statmt.org/europarl/

21 European languages: Romanic (French, Italian, Spanish, Portuguese, Romanian), Germanic (English, 
Dutch, German, Danish, Swedish), Slavik (Bulgarian, Czech, Polish, Slovak, Slovene), Finni-Ugric (Finnish, 
Hungarian, Estonian), Baltic (Latvian, Lithuanian), and Greek.
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Statistical machine translation (SMT)
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• Core idea: Learn a probabilistic model from data


• Suppose we are translating French  English


• We want to find best target sentence , given source sentence 

→

w(t) w(s)
<latexit sha1_base64="oWeQ9O7tGl0UGigNXsi3WqLLcWo=">AAACLnicbVDLSsNAFJ34rPUVdelmsAjtpiRS1GVRBJcV7AOaGCaTSTt08mBmopaQL3Ljr+hCUBG3foaTNgvbemCGwzn3cu89bsyokIbxri0tr6yurZc2yptb2zu7+t5+R0QJx6SNIxbxnosEYTQkbUklI72YExS4jHTd0WXud+8JFzQKb+U4JnaABiH1KUZSSY5+ZSE+sAL06KTql0PXTx+yu7Qqa1kGW9V5DVoB9eCMKmpZzdErRt2YAC4SsyAVUKDl6K+WF+EkIKHEDAnRN41Y2inikmJGsrKVCBIjPEID0lc0RAERdjo5N4PHSvGgH3H1Qgkn6t+OFAVCjANXVeaLinkvF//z+on0z+2UhnEiSYing/yEQRnBPDvoUU6wZGNFEOZU7QrxEHGEpUq4rEIw509eJJ2Tunlab9w0Ks2LIo4SOARHoApMcAaa4Bq0QBtg8ARewAf41J61N+1L+56WLmlFzwGYgfbzC8zYqZM=</latexit>

argmax
w(t)

P (w(t) | w(s))

• According to Bayes’ rule, we can break this down into two components:
<latexit sha1_base64="NgePmmDZo9ORuA7jdld47+XLOOs="></latexit>

= argmax
w(t)

P (w(s) | w(t))P (w(t))

Translation model: models whether the 
target sentence reflects the linguistic 

content of the source language (adequacy) 
Learned from parallel data

Language model: models how fluent 
the target sentence is (fluency) 

 
Can be learned from monolingual data
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Statistical machine translation (SMT)
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How should we align words in source to words in target?

Translation model: models whether the 
target sentence reflects the linguistic 

content of the source language (adequacy) 
Learned from parallel data

Language model: models how fluent 
the target sentence is (fluency) 

 
Can be learned from monolingual data

good

bad

Examples: IBM models 1, 2, 3, 4, 5

<latexit sha1_base64="NgePmmDZo9ORuA7jdld47+XLOOs="></latexit>

= argmax
w(t)

P (w(s) | w(t))P (w(t))
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Statistical machine translation (SMT)
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Q: But I don’t understand. Isn’t                        as hard as                         ?
<latexit sha1_base64="NgePmmDZo9ORuA7jdld47+XLOOs="></latexit>

= argmax
w(t)

P (w(s) | w(t))P (w(t))
<latexit sha1_base64="oWeQ9O7tGl0UGigNXsi3WqLLcWo=">AAACLnicbVDLSsNAFJ34rPUVdelmsAjtpiRS1GVRBJcV7AOaGCaTSTt08mBmopaQL3Ljr+hCUBG3foaTNgvbemCGwzn3cu89bsyokIbxri0tr6yurZc2yptb2zu7+t5+R0QJx6SNIxbxnosEYTQkbUklI72YExS4jHTd0WXud+8JFzQKb+U4JnaABiH1KUZSSY5+ZSE+sAL06KTql0PXTx+yu7Qqa1kGW9V5DVoB9eCMKmpZzdErRt2YAC4SsyAVUKDl6K+WF+EkIKHEDAnRN41Y2inikmJGsrKVCBIjPEID0lc0RAERdjo5N4PHSvGgH3H1Qgkn6t+OFAVCjANXVeaLinkvF//z+on0z+2UhnEiSYing/yEQRnBPDvoUU6wZGNFEOZU7QrxEHGEpUq4rEIw509eJJ2Tunlab9w0Ks2LIo4SOARHoApMcAaa4Bq0QBtg8ARewAf41J61N+1L+56WLmlFzwGYgfbzC8zYqZM=</latexit>

argmax
w(t)

P (w(t) | w(s))

A: Yes, but it allows you to not worry about fluency!

<latexit sha1_base64="NgePmmDZo9ORuA7jdld47+XLOOs="></latexit>

= argmax
w(t)

P (w(s) | w(t))P (w(t))

Example:  Imagine you are translating from Spanish to English.

• Source (s): “La casa verde”

• Option 1 (t1): “The green house”

• Option 2 (t2): “The house green”

P(s|t) will actually give both t1 and t2 a high score. However, the language model 
P(t) will score t1 much higher.
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Statistical machine translation (SMT)
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• SMT was a huge field (1990s-2010s) - The best systems were extremely complex 

• Systems had many separately-designed subcomponents


• Need to design features to capture particular language phenomena

• Required compiling and maintaining extra resources

• Lots of human effort to maintain - repeated effort for each language pair!

Phrase-based SMT
Syntax-based SMT

https://translartisan.wordpress.com/tag/statistical-machine-translation/
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Neural Machine Translation (NMT)



Berkeley CS 288 

SMT  NMT⟶

17

Q. Do you know when Google Translate was first launched?
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Google’s NMT system in 2016

18(Wu et al., 2016): Google’s Neural Machine Translation System: Bridging the Gap between Human and Machine Translation
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SMT  NMT⟶

19



Feb 5 lecture starts from here



CS 288 Advanced Natural Language Processing
Course website: cal-cs288.github.io/sp26 

Ed: edstem.org/us/join/XvztdK 

• Class starts at 15:40!

• Next Tuesday (Feb 10): A1 due, team registration for A3 & project due


• Lecture plan: seq2seq (50min)  Transformers (30min)→

https://cal-cs288.github.io/sp26/
https://edstem.org/us/join/XvztdK
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Recap: Machine Translation (MT)
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• Goal: Translate a sentence  in a source language (input) to a sentence 
 in the target language (output)

w(s)

w(t)

I like apples  ich mag Äpfel (German)↔
• Why is MT challenging?

I like apples  J'aime les pommes (French)↔
• Single words may be replaced with multi-word phrases:

• Reordering of phrases:
I like red apples  J'aime les pommes rouges (French)↔

• Context-dependent translations:

les   the    but    les pommes  apples↔ ↔

Extremely large output space  Decoding is NP-hard⟹
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Recap: Statistical machine translation (SMT)
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• SMT was a huge field (1990s-2010s) - The best systems were extremely complex 

• Systems had many separately-designed subcomponents


• Need to design features to capture particular language phenomena

• Required compiling and maintaining extra resources

• Lots of human effort to maintain - repeated effort for each language pair!

Phrase-based SMT
Syntax-based SMT

https://translartisan.wordpress.com/tag/statistical-machine-translation/



Berkeley CS 288 

Recap: Transitioning from SMT to NMT

24
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Neural machine translation (NMT)
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• Neural Machine Translation (NMT) is a way to do machine translation with a 
single end-to-end neural network

• The neural network architecture is called a sequence-to-sequence model (aka 
seq2seq) and it involves two RNNs

Ilya Sutskever
(Sutskever et al., 2014)
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The sequence-to-sequence model (seq2seq)
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It is called an encoder-decoder architecture


• The encoder is an RNN to read the input sequence (source language)


• The decoder is another RNN to generate output word by word  (target language)

Image:  https://d2l.ai/chapter_recurrent-modern/seq2seq.html

Encoding of 
source sentence = 
initial hidden state 
for decoder RNN

A special symbol <bos> before 
generating the first word

Ending with another special 
symbol <eos>

https://d2l.ai/chapter_recurrent-modern/seq2seq.html
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Seq2seq: Encoder
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h0

Sentence: hello world .

x1

h1

word

embedding

hello                                             

(encoded representation)

henc

x2

h2

world

x3

h3

.
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Seq2seq: Decoder
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• A conditional language model

henc

y1

h̄1

bonjour

Wo

<bos>                                                     

word

embedding

y2

h̄2

le

bonjour

Wo

y3

h̄3

monde

le

Wo

y4

h̄4

.

monde

Wo

y5

h̄5

.

Wo

<eos>
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Recap: recurrent neural models
(The case of language modeling)

29
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Understanding seq2seq
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Which of the following is correct?


• (A) We can use bidirectional RNNs for both encoder and decoder


• (B) The decoder has more parameters because of the output matrix 


• (C) The encoder and decoder have separate word embeddings


• (D) The encoder and decoder’s parameters are optimized together

Wo

Both (C) and (D) are correct.
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Understanding seq2seq
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Encoder RNN:  
• word embeddings  for source language

• RNN parameters, e.g.,  for simple RNNs and 4x parameters for LSTMs

• Encoder RNN can be bidirectional!

E(s)

{W(s), U(s), b(s)}

Decoder RNN:  
• word embeddings  for target language

• RNN parameters, e.g.,  for simple RNNs and 4x parameters for LSTMs

• Output embedding matrix  = can be tied with 

• Decoder RNN has to be unidirectional (left to right)!

E(t)

{W(t), U(t), b(t)}
Wo E(t)
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Training seq2seq models
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• Training data: parallel corpus {( )}w(s)
i , w(t)

i

English: hello world .

12M sentence pairs
French:  bonjour le monde .

• Minimize cross-entropy loss:

T

∑
t=1

− log P(yt |y1, . . . , yt−1, w(s))

(denote )w(t) = y1, …, yT

• Back-propagate gradients through both encoder and decoder
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Training seq2seq models
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<bos>
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Decoding seq2seq models

34

• Problem: Exhaustive search is very expensive — we even don’t know what T is


• Need some approximation!

arg max
y1,...,yT

P(y1, . . . , yT |w(s))
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Decoding seq2seq models

35

= Compute argmax at 
every step of decoder 
to generate word

<bos>

<eos>• Greedy decoding
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A middle ground: Beam search
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• At every step, keep track of the k most probable partial translations (hypotheses)

• Score of each hypothesis = log probability of sequence so far





• Not guaranteed to be optimal


• More efficient than exhaustive search

t

∑
i=1

log P(yi |y1, . . . , yi−1, w(s))
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Beam search

37(slide credit: Abigail See)

<bos>
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Beam search

38(slide credit: Abigail See)

<bos>
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Beam search

39(slide credit: Abigail See)

<bos>
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Backtrack

40(slide credit: Abigail See)

<bos>
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Beam search: Details
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‣ Different hypotheses may produce  token at different time steps


‣ When a hypothesis produces , stop expanding it and place it aside

‣ Continue beam search until:


‣ All  hypotheses produce  OR

‣ Hit max decoding limit T


‣ Select top hypotheses using the normalized likelihood score





‣ Otherwise shorter hypotheses have higher scores

⟨eos⟩
⟨eos⟩

k ⟨eos⟩

1
T

T

∑
t=1

log P(yt |y1, . . . , yt−1, w(s))
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NMT vs. SMT
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Pros: 

• Better performance (more fluent, better use of context, better use of phrase similarities)


• A single neural network to be optimized end-to-end (no individual subcomponents)


• Less human engineering effort - same method for all language pairs

Cons: 

• NMT is less interpretable 

• NMT is difficult to control
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NMT: the first big success of NLP deep learning
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• 2014: First seq2seq paper published

• 2016: Google Translate switches from SMT to NMT - and by 2018 everyone has

• SMT systems, built by hundreds of engineers over many years, outperformed by 
NMT systems trained by a small group of engineers in a few months
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Other applications of seq2seq
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Seq2seq is versatile
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• Sequence-to-sequence is useful for more than just MT


• Many NLP tasks can be framed as sequence-to-sequence problems


• Summarization (long text  short text)


• Dialogue (previous utterances  next utterance)


• Code generation (natural language  Python code)


• …

→

→

→
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Seq2seq is versatile
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‣ Summarization

See et al., 2017: Get To The Point: Summarization with Pointer-Generator Networks
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Seq2seq is versatile
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‣ Dialogue

Vinyals and Le 2015: A Neuarl Conversational Model
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Seq2seq is versatile

48

‣ Code generation
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Seq2seq is versatile

49Raffel et al., 2019. Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer

‣ All language tasks can be converted into a text-to-text problem!
‣ T5 = Text-to-text Trasnfer Transformer
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Attention



Berkeley CS 288 

Seq2seq: the bottleneck
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‣ A single encoding vector, , needs to capture all the information about source sentence


‣ Longer sequences can lead to vanishing gradients

henc
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Attention
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‣ Attention provides a solution to the bottleneck problem

EMNLP 2015

ICLR 2015
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Attention

53

‣ Attention provides a solution to the bottleneck problem


‣ Key idea: At each time step during decoding, focus on a particular part 
of source sentence


‣ This depends on the decoder’s current hidden state  (i.e. an idea of 
what you are trying to decode)


‣ Usually implemented as a probability distribution over the hidden states 
of the encoder (  )

hdec
t

henc
i

(Next lecture) Transformers = attention is all you need!
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Recap: Seq2seq Encoder
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h0

Sentence: hello world .

x1

h1

word

embedding

hello                                             

(encoded representation)

henc

x2

h2

world

x3

h3

.

henc
i



Berkeley CS 288 

Recap: Seq2seq Decoder
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• A conditional language model

henc

y1

h̄1

bonjour

Wo

word

embedding

<bos>                                                     

y2

h̄2

le

bonjour

Wo

y3

h̄3

monde

le

Wo

y4

h̄4

.

monde

Wo

y5

h̄5

.

Wo

<eos>hdec
t
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<bos>

 (slide credit: Abigail See)
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<bos>

(slide credit: Abigail See)
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<bos>

(slide credit: Abigail See)



Berkeley CS 288 59

<bos>

(slide credit: Abigail See)
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<bos>
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<bos>
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<bos>

(slide credit: Abigail See)
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Computing attention

63

‣ Encoder hidden states: 


‣ Decoder hidden state at time : 


‣ First, get attention scores for this time step of decoder: 
                                 


‣ Obtain the attention distribution using softmax: 
                                        


‣ Compute weighted sum of encoder hidden states: 

                                        


‣ Finally, concatenate with decoder state and pass on to output 
layer:     

henc
1 , . . . , henc

n

t hdec
t

et = [g(henc
1 , hdec

t ), . . . , g(henc
n , hdec

t )]

αt = softmax (et) ∈ ℝn

at =
n

∑
i=1

αt
i h

enc
i ∈ ℝh

h̃t = tanh(Wc[at; hdec
t ]) ∈ ℝh Wc ∈ ℝ2h×h

henc
1

hdec
1

(n: # of words in 
source sentence)

<bos>

ŷt = softmax(Woh̃t)
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https://jalammar.github.io/visualizing-neural-machine-

translation-mechanics-of-seq2seq-models-with-attention/
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Types of attention

65

‣ Assume encoder hidden states  and a decoder hidden state 


1. Dot-product attention (assumes equal dimensions for  and ): 
                    


2. Multiplicative attention: 
             , where  is a weight matrix (learned)


3. Additive attention: 
                   

where  are weight matrices (learned) and  is a weight vector (learned)

henc
1 , henc

2 , . . . , henc
n hdec

t

henc hdec
t

g(henc
i , hdec

t ) = (hdec
t )T henc

i ∈ ℝ

g(henc
i , hdec

t ) = (hdec
t )T W henc

i ∈ ℝ W

g(henc
i , hdec

t ) = vT tanh (W1henc
i + W2hdec

t ) ∈ ℝ
W1, W2 v
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Assuming we use dot product attention, which input word 
will have the highest attention value at current time step?


A) the

B) cat

C) sat

the

h3h1 h2

cat sat

Encoder

hdec
1 hdec

2

<bos>

Decoder

ce

ce

-0.1 0.20.5 0.1 0.2 0.4 -0.1 0.2

Dot-product 
attention: 
g(henc

i , hdec
t ) = hdec

t ⋅ henc
i

the: -0.05 + 0.02

cat: -0.02 + 0.08

sat:  0.01 + 0.04    


The answer is (B)
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Attention improves translation

67(Luong et al., 2015)
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Visualizing 
attention

68(credits: Jay Alammar)

Recall: alignment
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Putting everything together: Google’s NMT System

69(Wu et al., 2016): Google’s Neural Machine Translation System: Bridging the Gap between Human and Machine Translation
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Putting everything together: Google’s NMT System

70(Wu et al., 2016): Google’s Neural Machine Translation System: Bridging the Gap between Human and Machine Translation



Questions?
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