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Neural Machine Translation Attention Mechanism
(Sutskever et al., 2014) (Bahdanau et al., 2015)
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Recent innovation in deep learning:

New approach: recent SOTA ° Control problem (Mnih et al., 14)

* Speech recognition (Chorowski et al., 14)
* Image captioning (Xu et al., 15)

results

 Propose a new and better attention mechanism.

Examine other variants of attention models.
. Achieve new SOTA results WMT English-German.




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



Neural Machine Translation (NMT)
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* Big RNNs trained end-to-end: encoder-decoder.
— Generalize well to long sequences.
— Small memory footprint.
— Simple decoder.



Attention Mechanism
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* Maintain a memory of source hidden states

* Memory here means a weighted average of the
hidden states

* The weight is determined by comparing the



Attention Mechanism
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* Maintain a memory of source hidden states
— Able to translate long sentences.



Motivation

e A new attention mechanism: local attention
— Use a subset of source states each time.
— Better results with focused attention!

e Global attention: use all source states
— Other variants of (Bahdanau et al., 15)



Global Attention
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* Alignment weight vector:

score(hy, hy)



Global Attention
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* Alignment weight vector: h, h, dot
score(ht, hs) = < h! W, h, general

(Bahdanau et al., 15) v;r tanh (Wa hy; i_zs]) concat



Global Attention

Context vector ¢; : h,
weighted average of source states. I

Attention Layer




Global Attention

h  Attentional vector

h; = tanh(W,[c;; hy])

Attention Layer

~

P(Yt|y<t, x) = softmax(Wshy)



Local Attention

Attention Layer
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* A blend between soft & hard attention (Xu et



Local Attention (2)

* Predict aligned positions:

pr =S5 - sigmoid(’vz—jr tanh(Wphy))

Real varu/e in [0, S] Source sentence

How do we learn to the position parameters?




pr=2S- sigmoid(vz;r tanh(Wphy))
Local Attention (3)
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* Like global model: for integer sin [pt+—D, pi+ D]
— Compute g.ore(hy, hy)
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pr =S sigmoid(v; tanh(tht))

Local Attention (3)
exp ( (5 — pt)Q) Truncated

252 Gaussian
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* Favor points close to the center.



pr =S sigmoid(’v; tanh(Wphy))

Local Attention (3)
exp (score(hy, hs)) ( (8 . pt)Q)
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Experiments

* WMT English 2 German (4.5M sentence pairs).

e Setup: (Sutskever et al., 14, Luong et al., 15)
— 4-layer stacking LSTMs: 1000-dim cells/embeddings.
— 50K most frequent English & German words



English-German WMT’14 Results
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English-German WMT’14 Results

Systems Ppl BLEU

Our NMT systems

Base + reverse m 12.6 (+1.3)

Base + reverse + dropout + global attn 7.3 | 16.8 (+2.8)

* Large progressive gains:
— Attention: +2.8 BLEU



English-German WMT’ 14 Results

Systems Ppl BLEU

Winning system — phrase-based + large LM (Buck et al.) 20.7
Our NMT systems

Base 10.6 11.3
Base + reverse 99 | 12.6(+1.3)
Base + reverse + dropout 8.1 @ 14.0(+1.4)
Base + reverse + dropout + global attn 7.3 | 16.8 (+2.8)
Base + reverse + dropout + global attn + feed input 6.4 18.1(+1.3)

* Large progressive gains:
— Attention: +2.8 BLEU
BLEU

Feed input: +1.3

 BLEU & perplexity correlation (Luong et al.,




English-German WMT’14 Results

Systems Ppl BLEU

Existing NMT systems (Jean et al., 2015)

RNNsearch + unk repl. + large vocab + ensemble 8 models 21.6

Global attention 7.3 | 16.8 (+2.8)




English-German WMT’14 Results

Systems Ppl BLEU

Winning sys — phrase-based + large LM (Buck et al., 2014) ‘ ‘ 20.7
Existing NMT systems (Jean et al., 2015)
RNNsearch 16.5
RNNsearch + unk repl. + large vocab + ensemble 8 models 21.6
Our NMT systems

Global attention 7.3 | 16.8 (+2.8)
Global attention + feed input 6.4 18.1(+1.3)
Local attention + feed input 5.9 | 19.0 (+0.9)

* Local-predictive attention: +0.9 BLEU gain.



English-German WMT’14 Results

Systems Ppl BLEU

Winning sys — phrase-based + large LM (Buck et al., 2014) ‘ ‘ 20.7
Existing NMT systems (Jean et al., 2015)
RNNsearch 16.5
RNNsearch + unk repl. + large vocab + ensemble 8 models 21.6
Our NMT systems

Global attention 7.3 | 16.8 (+2.8)
Global attention + feed input 6.4 18.1(+1.3)
Local attention + feed input 5.9  19.0(+0.9)
Local attention + feed input + unk replace 5.9 20.9(+1.9)

 Unknown replacement: +1.9 BLEU
— (Luong et al., ’15), (Jean et al., "15).



English-German WMT’14 Results

Systems Ppl BLEU

Winning sys — phrase-based + large LM (Buck et al., 2014) ‘ ‘ 20.7
Existing NMT systems (Jean et al., 2015)
RNNsearch 16.5
RNNsearch + unk repl. + large vocab + ensemble 8 models 21.6
Our NMT systems

Global attention 7.3 | 16.8 (+2.8)
Global attention + feed input 6.4 18.1(+1.3)
Local attention + feed input 5.9  19.0(+0.9)
Local attention + feed input + unk replace 5.9 20.9(+1.9)
Ensemble 8 models + unk replace - A~ A 23.0 (+2.1)

\/




WMT’15 English-Results

English-German Systems

Our ensemble 8 models + unk replace

New SOTA!

WMT’15 German-English: similar gains
— Attention: +2.7 BLEU Feed input: +1.0
BLEU



Analysis
Learning curves
Long sentences
Alignment quality

Sample translations



Learning Curves
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Translate Long Sentences
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Alignment Quality
Models | AR

Berkeley aligner 0.32
Our NMT systems
Global attention 0.39
Local attention 0.36
Ensemble 0.34

e RWTH gold alignment data
— 508 English-German Europarl sentences.

 Force decodea.s

Competitive AERs!



Sample English-German
translations

* Translate a doubly-negated phrase correctly




Sample German-English

* Translate well long sentences.



Conclusion

e Two effective attentional mechanisms:

— Global and local attention
— State-of-the-art results in WMT English-German.

* Detailed analysis:
— Better in translating names.
— Handle well long sentences.
— Achieve competitive AERs.

Thank you!



