
Language Model Prior for Low-Resource
Neural Machine Translation

Christos Baziotis, Barry Haddow, Alexandra Birch

Institute for Language, Cognition and Computation
School of Informatics, University of Edinburgh

Edinburgh, UK

EMNLP 2020

Ed nburgh
NLPUniversity of Edinburgh 

Natural Language Processing

Baziotis et al. LM Prior for Low-Resource NMT EMNLP 2020 1 / 11



Introduction

Neural Machine Translation

ŷ = argmax
y

log p(y|x)

Modeling directly p(y|x) requires large amounts of parallel data.
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Prior Work

Noisy Channel 𝒙𝟏 𝒙𝟐 𝒙𝑵… 𝒚𝟏 𝒚𝟐 𝒚𝟑 …ෞ𝒚𝟒

It models the “reverse translation probability” p(y|x) ∝ ptm(x|y)×plm(y)

Language Model Fusion

𝒙𝟏, 𝒙𝟐, … , 𝒙𝑵 𝒚𝟏, 𝒚𝟐, 𝒚𝟑, …
Translation

Model

Language
Model

target

𝒚𝟒

predictions

Cross-Entropy

Feature-based: incorporate the representations of the LM

deep-fusion (Gulcehre et al., 2015), cold-fusion (Sriram et al., 2018)

Probability Interpolation: combine the probabilities of the TM & the LM

shallow-fusion (Gulcehre et al., 2015), simple-fusion (Stahlberg et al., 2018)
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Limitations of Prior Work

1 Computational overhead, as the LM is also required for decoding

2 Unwanted LM-TM interference in probability interpolation

postnorm

(simple-fusion; Stahlberg et al., 2018)

DE: die Republikaner im Kongress drängen auf eine umfassendere
Neufassung der Ozonregeln.

EN: Republicans  in  Congress  are  pushing  for  a  broader rewrite  
of  the  ozone  rules.

broader 34.3%

wider 22.4%

larger 7.2%

TM

new 8.9%

repeal 7.1%

bill 3.7%

LM

more 44.8%

wider 31.8%

larger 11.8%

… … …

x =

more

Real example of postnorm from de→en newstest2018
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Language Model Prior

We regularize the TM, by using the LM as prior over the decoder

L =
N∑
t=1

− log ptm(yt|y<t,x)︸ ︷︷ ︸
translation

+ λ Dkl(plm(yt|y<t) ‖ ptm(yt|y<t,x))︸ ︷︷ ︸
prior

+ The tm can overrule the lm when needed

+ Easier than priors on neural network weights

+ The lm is not required during decoding
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Relation to Other Methods with Soft Targets

Knowledge Distillation
Also uses soft targets from a teacher model, but needs parallel data

Label Smoothing
Converts the one-hot into soft targets to penalize over-confidence

L =

N∑
t=1

− log ptm(yt|y<t,x)︸ ︷︷ ︸
translation

+ λ Dkl(plm(yt|y<t) ‖ ptm(yt|y<t,x))︸ ︷︷ ︸
prior

Assigns equal probability to all the incorrect classes, unlike the LM.

Orthogonal to posterior regularization (LM-prior)
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Experimental Setup

Language Pair Sentences Corpus

English-German 275K News Commentary v13

English-Turkish 190K SETIMES

Table: Parallel data from WMT-2018

Language Small (3M) Large (30M) Corpus

English News Crawl 2016

German News Crawl 2016

Turkish – News Crawl 2010-2018

Table: Monolingual data from News Crawl articles

Models

Architecture: Transformer (lms and tms)

Vocabulary: 16K symbols (sentencepiece)
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Translation Results

Method DE→EN EN→DE TR→EN EN→TR

Base 26.6 25.6 16.6 11.2

Shallow-fusion 27.8 26.0 17.3 11.5

postnorm+ ls 26.4 23.3 16.0 11.0

Base + ls 28.4 27.3 18.4 12.6

Base + Prior 30.2 29.1 19.5 13.8

Base + Prior + ls 30.3 29.7 19.5 14.1

Base + Prior (30M) 30.0 29.8 19.5 –

Table: bleu scores of each nmt method (mean 3 runs)
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Analysis

0 2 4 6 8
entropy per token

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

de
ns

it
y

Base
Base+LS
LM

Estimated density of each model’s entropy on the de→en test set

LS successfully mitigates overfitting, by penalizing confidence

“Base+Prior” does not just penalize confidence, but exploits the LM

“postnorm” is over-confident, due to unwanted interference from LM
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Conclusions

1 Simple approach to incorporate prior knowledge in NMT

The decoupling of the LM from the TM enables fast decoding
We change only the training objective

2 Promising results in two low-resource translation datasets

Improvements even with modest monolingual data

3 Analysis of TM output distributions using different methods

Evidence that the model exploits the knowledge of the LM-prior

Baziotis et al. LM Prior for Low-Resource NMT EMNLP 2020 10 / 11



Thank you

Baziotis et al. LM Prior for Low-Resource NMT EMNLP 2020 11 / 11



Appendix

Bonus Slides

Baziotis et al. LM Prior for Low-Resource NMT EMNLP 2020 1 / 9



Full Results

Method
DE→EN EN→DE TR→EN EN→TR

dev test dev test dev test dev test

Base 22.6±0.1 26.6±0.1 18.3±0.3 25.6±0.2 15.9±0.0 16.6±0.3 12.2±0.1 11.2±0.2

Shallow-fusion 23.4±0.1 27.8±0.1 18.5±0.2 26.0±0.1 16.5±0.1 17.3±0.3 12.7±0.0 11.5±0.1

postnorm 20.4±0.2 24.5±0.3 16.6±0.1 22.9±0.3 13.8±0.2 11.0±0.1 10.0±0.1 10.2±0.1

Base + ls 23.8±0.6 28.4±0.7 19.2±0.3 27.3±0.3 17.5±0.1 18.4±0.2 13.8±0.2 12.6±0.0

Base + Prior 24.9±0.0 30.2±0.1 20.5±0.3 29.1±0.7 18.5±0.2 19.5±0.2 15.1±0.1 13.8±0.1

Base + Prior + ls 25.1±0.3 30.3±0.3 20.8±0.4 29.7±0.7 18.5±0.3 19.5±0.2 15.5±0.1 14.1±0.2

Base + Prior (30M) 24.9±0.1 30.0±0.1 21.0±0.4 29.8±0.3 18.6±0.0 19.5±0.2 – –

Table: bleu scores of each nmt method (mean and std of 3 runs)

The hyperparameters of each method were tuned on the DE→EN dev-set:
ls(α = 0.1), shallow-fusion(β=0.1), lm-prior (λ=0.5, τ=2)
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Results: Extremely Low-Resource Conditions

10K 50K 100K full
parallel data
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Base + LS
Base + Prior

Figure: bleu scores on the de→en test set with different scales of parallel data.
Mean of 3 runs reported.
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Perplexity Scores of lms

language 3M (ppl↓) 30M (ppl↓)

English 29.70 25.02

German 22.71 19.22

Turkish 22.78 –

Table: Perplexity scores for lms trained on each language’s monolingual data,
computed on a small held-out validation set per language.
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Connection to Knowledge Distillation

Distillation also uses as soft targets the distributions of a teacher model

Knowledge distillation (word-level) for nmt(Kim and Rush, 2016)

Use softmax-temperature τ to reveal extra information from LM

popularized as “dark knowledge” by (Hinton et al., 2015)

logits

logits

(𝝉 > 𝟏)

(𝝉 > 𝟏)

(𝝉 = 𝟏) 𝒚𝟒

KL

Cross-Entropy

𝒙𝟏, 𝒙𝟐, … , 𝒙𝑵 𝒚𝟏, 𝒚𝟐, 𝒚𝟑, …
Translation

Model

Language
Model

L =
N∑
t=1

− log ptm(yt|y<t,x) + λ τ 2Dkl(plm(yt|y<t; τ ) ‖ ptm(yt|y<t,x; τ ))
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Lkl Sensitivity Analysis
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Figure: bleu scores on the de→en test set of models trained with different λ
and τ for the Lkl. Mean of 3 runs for each combination reported.
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Prior Work: Noisy Channel

Statistical Machine Translation
It models the “reverse translation probability” p(y|x) ∝ p(x|y)× p(y)

ŷ = argmax
y

ptm(x|y)︸ ︷︷ ︸
translation model

× plm(y)︸ ︷︷ ︸
language model

𝒙𝟏 𝒙𝟐 𝒙𝑵… 𝒚𝟏 𝒚𝟐 𝒚𝟑 …ෞ𝒚𝟒

Decoding with seq2seq is slow!
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Prior Work: Language Model Fusion

𝒙𝟏, 𝒙𝟐, … , 𝒙𝑵 𝒚𝟏, 𝒚𝟐, 𝒚𝟑, …
Translation

Model

Language
Model

target

𝒚𝟒

predictions

Cross-Entropy

Feature-based: incorporate the representations of the LM

deep-fusion (Gulcehre et al., 2015)

cold-fusion (Sriram et al., 2018)

Probability Interpolation: incorporate the predictions of the LM

shallow-fusion (Gulcehre et al., 2015)

ŷ = argmax
y

log ptm(yt|y<t,x) + β log plm(yt|y<t)

simple-fusion (Stahlberg et al., 2018) → postnorm:

p(yt) = softmax(log ptm(yt|y<t,x) + log plm(yt|y<t))
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