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Google unleashes deep learning tech on language with Neural ...
TechCrunch - Sep 27, 2016

Google has been working on a machine learning translation technique for years,
and today is its official debut. The Google Neural Machine

Google Translate now converts Chinese into English with neural ..

VentureBeat - Sep 27, 2016

Google announces Neural Machine Translation

The Stack - Sep 28, 2016

Google announces Neural Machine Translation to improve Google ..

Highly Cited - ZDNet - Sep 27, 2016

Google is using Neural Networks for Chinese to English machine ...

Opinion - Firstpost - Sep 28, 2016

Google announces neural network to improve machine translation

In-Depth - Seeking Alpha - Sep 27, 2016

L3
ZDNet VentureBeat The Stack Geektime Ubergizme Science Mag
View all

SYSTRAN: 1st software provider to launch a Neural Machine ...

GlobeNewswire (press release) - Oct 17, 2016

In December, SYSTRAN will communicate the feedback received on Pure Neural ™ Machine
Translation, its roadmap and time to market plan ...

Iconic Integrates Custom Neural Machine Translation Into ...
Slator (press release) (subscription) - Oct 6, 2016
A |conic  Dublin — October 6, 2016 - Iconic Translation Machines (Iconic), a leading Irish
——w==  machine translation (MT) software and solutions provider, today ...



Neural Machine Translation

Excellent results on many language pairs, but need large models

e Original seq2seq paper (Sutskever et al., 2014): 4-layers/1000 units
@ Deep Residual RNNs (Zhou et al., 2016) : 16-layers/512 units
@ Google's NMT system (Wu et al., 2016): 8-layers/1024 units



Neural Machine Translation

Excellent results on many language pairs, but need large models

e Original seq2seq paper (Sutskever et al., 2014): 4-layers/1000 units
@ Deep Residual RNNs (Zhou et al., 2016) : 16-layers/512 units
@ Google's NMT system (Wu et al., 2016): 8-layers/1024 units

Beam search + ensemble on top

—> Deployment is challenging!



Related Work: Compressing Deep Models



Related Work: Compressing Deep Models

@ Pruning: Prune weights based on importance criterion (LeCun et al.,
1990; Han et al., 2016; See et al., 2016)



Related Work: Compressing Deep Models

@ Pruning: Prune weights based on importance criterion (LeCun et al.,
1990; Han et al., 2016; See et al., 2016)

o Knowledge Distillation: Train a student model to learn from a
teacher model (Bucila et al., 2006; Ba and Caruana, 2014; Hinton et al.,
2015; Kuncoro et al., 2016). (Sometimes called “dark knowledge")



Related Work: Compressing Deep Models

@ Pruning: Prune weights based on importance criterion (LeCun et al.,
1990; Han et al., 2016; See et al., 2016)

o Knowledge Distillation: Train a student model to learn from a
teacher model (Bucila et al., 2006; Ba and Caruana, 2014; Hinton et al.,
2015; Kuncoro et al., 2016). (Sometimes called “dark knowledge")

Other methods:
@ low-rank matrix factorization of weight matrices (Denton et al., 2014)
@ weight binarization (Lin et al., 2016)

@ weight sharing (Chen et al., 2015)



Standard Setup

Minimize NLL

L =—) > Wy = k}logp(we = k| y14-1,%;0)
t keVy
wy = random variable for the ¢-th target token with support V
yr = ground truth {-th target token
Y1:t—1 = target sentence up to t — 1
X = source sentence

p(- | x;0) = model distribution, parameterized with 6

(conditioning on source x dropped from now on)



Knowledge Distillation (Bucila et al., 2006; Hinton et al., 2015)

@ Train a larger teacher model first to obtain teacher distribution ¢(-)

@ Train a smaller student model p(-) to mimic the teacher
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Word-Level Knowledge Distillation

Teacher distribution: g(w; | y1:¢—1;07)

L =—Y_ > My = k}logp(w = k| y1e-130)
t kev

Lworo-kp = — > Y q(w; = k| y14-1;07)logplwy = k| y1.e-150)
t kev
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Word-Level Knowledge Distillation

Ground Truth
E C D

LT
[

[T~

Teacher Network Student Network

L = aLlworp-kp + (1 — a)LniL



Word-Level Knowledge Distillation Results

English — German (WMT 2014)

Model BLEU

4 x 1000 Teacher 19.5

2 x 500 Baseline (No-KD) 17.6
2 x 500 Student (Word-KD)  17.7

2 x 300 Baseline (No-KD) 16.9
2 x 300 Student (Word-KD)  17.6




This Work

Generalize single-class knowledge distillation to the sequence-level.
e Sequence-Level Knowledge Distillation (Seq-KD): Train
towards the teacher's sequence-level distribution.

e Sequence-Level Interpolation (Seg-Inter): Train on a mixture

of the teacher’s distribution and the data.
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Sequence-Level Knowledge Distillation

Recall word-level knowledge distillation:

L ==Y Iy = k}logp(wy = k| y1.e-1;0)
t kev

LWORD-KD = — Z Z q(wy = k| y1i—1;07)logp(ws = k| y1:4-1;0)
t kev

Instead of word-level cross-entropy, minimize cross-entropy between ¢

and p implied sequence-distributions

Lyt ==Y {w = y}logp(w|x;6)
weT

LSEQ-KD = — Z q(w | x; 0r) log p(w | x; 0)
weT

Sum over an exponentially-sized set 7.
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Sequence-Level Knowledge Distillation

Approximate ¢(w | x) with mode
g(w|x) ~ I{argmax ¢(w | x)}
W

Approximate mode with beam search

¥y ~ argmax ¢(w | x)
W

Simple model: train the student model on y with NLL



Sequence-Level Knowledge Distillation
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Sequence-Level Interpolation

Word-level knowledge distillation
L = alworpkp + (1 — a)LnLL

Essentially training the student towards the mixture of teacher/data

distributions.

How can we incorporate ground truth data at the sequence-level?



Sequence-Level Interpolation

Naively, could train on both y (ground truth sequence) and y (beam

search output from teacher).

This is non-ideal:
@ Doubles size of training set

@ y could be very different from y

Consider a single-sequence approximation



Sequence-Level Interpolation

Take the sequence that is on the beam but highest similarity function

sim (e.g. BLEU) to ground truth

y = argmax sim(y, w)q(w | x)
yeT

~ arg max sim(y, w)
YE€TK

T : K-best sequences from beam search.
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Sequence-Level Interpolation

Take the sequence that is on the beam but highest similarity function

sim (e.g. BLEU) to ground truth

y = argmax sim(y, w)q(w | x)
yeT

~ arg max sim(y, w)
YE€TK

T : K-best sequences from beam search.
Similar to local updating (Liang et al., 2006)

Train the student model on y with NLL.



Sequence-Level Interpolation
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Sequence-Level Interpolation
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Experiments on English — German (WMT 2014)

@ Word-KD: Word-level Knowledge Distillation

@ Seq-KD: Sequence-level Knowledge Distillation with beam size
K=5

@ Seg-Inter: Sequence-level Interpolation with beam size K = 35.
Fine-tune from pretrained Seq-KD (or baseline) model with smaller

learning rate.



Results: English — German (WMT 2014)

Model BLEUk—1 Ag—1 BLEUgx—5 Ag—s PPL p(y)
4 x 1000

Teacher 17.7 - 19.5 - 6.7 1.3%
2 x 500

Student 14.7 — 17.6 — 8.2 0.9%
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Results: English — German (WMT 2014)

Model BLEUg—1 Ag—1 BLEUg—s Axg—-5 PPL p(¥)

4 x 1000

Teacher 17.7 — 19.5 — 6.7 1.3%
Seq-Inter 19.6 +1.9 19.8 +0.3 104 82%

2 x 500

Student 14.7 — 17.6 — 8.2 0.9%
Word-KD 15.4 +0.7 17.7 +0.1 8.0 1.0%
Seq-KD 18.9 +4.2 19.0 +14 227 16.9%%
Seq-Inter 18.9 +4.2 19.3 +1.7 158 7.6%

More experiments (different language pairs, combining configurations, different

sizes etc.) in paper



An Application

w harvardnlp

Seq KD (arxiv.org/abs/1606.07947): learn small
LSTMs for fast translation. Runs on a phone
(nlp.seas.harvard.edu/translation.apk)

)

Distilled Translation

English

Translation on your mobile

German

Ubersetzung auf Ihrem Mobiltelefon
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Combining Knowledge Distillation and Pruning

Number of parameters still large for student models (mostly due to

word embedding tables)
@ 4 x 1000: 221 million
@ 2 x 500: 84 million
@ 2 x 300: 49 million



Combining Knowledge Distillation and Pruning

Number of parameters still large for student models (mostly due to

word embedding tables)
@ 4 x 1000: 221 million
@ 2 x 500: 84 million
@ 2 x 300: 49 million

Prune student model: Same methodology as See et al. (2016)
@ Prune 2% of weights based on absolute value

o Fine-tune pruned model (cruciall)
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Introduced sequence-level versions of knowledge distillation to compress
NMT models.
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Conclusion

Introduced sequence-level versions of knowledge distillation to compress
NMT models.

Observations:

@ Can similarly compress an ensemble into a single model (Kuncoro
et al., 2016)

@ No beam search = we no longer need the softmax at each step:

opens up window into approximate inner product methods.

Live deployment: (greedy) student outperforms (beam search) teacher!

(Crego et al., 2016)



Thank you

harvardnip ¥

https://github.com/harvardnlp/seq2seq-attn



Appendix: Decoding Speed

Model Size GPU CPU Android
Beam = 1 (Greedy)

4 x 1000 425.5 15.0 —
2 x 500 1051.3 63.6 8.8
2 x 300 1267.8 104.3 15.8
Beam =5

4 x 1000 101.9 7.9 —
2 x 500 181.9 22.1 1.9
2 x 300 189.1 38.4 3.4

Source words translated per second.



Appendix: Knowledge Distillation and Pruning

Model Prune % Params BLEU Ratio (Params)
4 x 1000 0% 221 m 19.5 1x
2 x 500 0% 84 m 193 3%
2 x 500 50% 42m 193 X
2 x 500 80% 17m 19.1 13x
2 x 500 85% 13m 18.8 18x
2 x 500 90% 8m 185 26 %
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