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Ensembling in neural machine translation
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Gains through ensembling

WMT top systems (UEdin)

WMT’16 (En-De)

Single 31.6

Ensemble 34.2

+2.6 

BLEU

WMT’17 (En-De)

Single 26.6

Ensemble 28.3

+1.7 

BLEU

Google‘s NMT system

WMT’14 (En-De)

Single 24.6

Ensemble 26.3

+1.7 

BLEU

WMT’14 (En-Fr)

Single 40.0

Ensemble 41.2

+1.2 

BLEU

http://matrix.statmt.org/

Wu, Yonghui, et al. "Google's Neural Machine Translation System: Bridging the Gap between Human and Machine

Translation." arXiv preprint arXiv:1609.08144 (2016).
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Disadvantages of ensembling

• Decoding with 𝑛-ensembles is slow

o More CPU/GPU switches

o 𝑛 times more passes through the network at each decoding step

o Applying softmax function 𝑛 more times at each decoding step

• Ensembles are cumbersome

o Often more difficult to implement
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Unfolding and shrinking
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Unfolding a single layer

Unfolding

(𝑈1 𝑈2)
𝑉1
𝑉2
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Unfolding multiple layers

Unfolding

(𝑈1 𝑈2)
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Shrinking – wish list

• Shrinking reduces the dimensionality of layers

o Objective: Do not affect the behavior of the next layer

• Remove whole neurons rather than individual weights

o Smaller model and faster decoding

o Network layout is the same, ie. inference code remains unchanged

• Previous work is unsuitable

o Weight pruning (LeCun et al., 1989; Hassibi et al., 1993; Han et al., 2015; See et al., 2016; …)

o Approximating non-linear neurons with linear neurons (White, 2008)

o Network compression methods based on low rank matrix factorization (Denil et 

al., 2013; Denton et al., 2014; Xue et al., 2013; Prabhavalkar et al., 2016; Lu et al., 2016; ...)
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Shrinking NMT (Bahdanau et al., 2015) networks

Embedding layers: SVD-based shrinking

Attention: Data-free shrinking

GRU cells: Data-bound shrinking
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Shrinking NMT (Bahdanau et al., 2015) networks

Embedding layers: SVD-based shrinking

Attention: Data-free shrinking

GRU cells: Data-bound shrinking
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Shrinking linear layers with low-rank matrix factorization

= ≈
𝑋 ≈ 𝑈′𝑉′

(𝑈′and 𝑉′ with low rank)𝑈𝑉 = 𝑋

𝑈 𝑉 𝑋 𝑈′ 𝑉′

Previous layer

Linear embedding layer (dimensionality to be reduced)

Next layer

We use truncated SVD for the factorization
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Shrinking NMT (Bahdanau et al., 2015) networks

Embedding layers: SVD-based shrinking

Attention: Data-free shrinking

GRU cells: Data-bound shrinking
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Approximating a neuron with its most similar neighbor
(Srinivas and Babu, 2015)

Selection criterion:

Similar incoming 

weights

Small outgoing 

weights

13



Unfolding and Shrinking Neural Machine Translation Ensembles
Felix Stahlberg and Bill Byrne 

Approximating a neuron with a linear combination of

its neighbors

𝑗 = 3

How to estimate 𝜆?
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Data-free and data-bound shrinking

𝑈: Incoming weight matrix

𝜆: Interpolation weights

Data-free shrinking

„Approximate incoming weights“
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Data-free and data-bound shrinking

𝑈: Incoming weight matrix

𝜆: Interpolation weights

𝐴: Neuron activity matrix

Data-free shrinking

„Approximate incoming weights“

Theory: Set the expected error

introduced by shrinking to zero

assuming a linear activation function.

„Directly approximate neuron activity“

Data-bound shrinking

Theory: Set the expected error

introduced by shrinking to zero by

estimating the expected neuron

activities with importance sampling.
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Shrinking layers to their original size (Japanese-English)
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Impact on BLEU of shrinking individual layers

• Individual layers can

be shrunk even below

their original size

• GRU layers are more

sensitive to shrinking

than embedding or

attention layers
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Designing three setups for Japanese-English

Layer sizes
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Designing three setups for Japanese-English

(Unbatched) GPU decoding speed is roughly constant after unfolding, but 

shrinking makes batching more effective
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Conclusion

• Unfolding yields ensemble level performance with a single network

o Often faster and easier to deploy

• Shrinking can reduce the size of unfolded networks significantly

o Depending on the aggressiveness of pruning, shrinking+unfolding yields

either

 +2.2 BLEU at the same decoding speed or

 3.4 times CPU speed up with a minor drop in BLEU

• Our work indicates huge amounts of wasted computation

o High dimensional embedding and attention layers may be needed for 

training, but are not necessary for inference
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Thanks

23


