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Neural Machine Translation

NMT is conditional probabilisitic model
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Autoregressive modeling

* Most of current application-level NMT models are based on

autoregressive modeling
Breaks down p(Y|X) to word probabilities using chain rule

In each step, the model predicts the next word
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Obtain Translations

* Approximating the global argmax with search algorithms

- Greedy search and beam search
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<s> my dog stole

- Low parallelizability
- Worse if the model is bigger and deeper
- Require search algorithm to approximate the argmax




Non-autoregressive Machine Translation

e Predict all output tokens in one my

forward pass T %
* Can be fully parallelized on GPU m i
s>
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dog i
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¢ CMLM (conditional masked language model) chazvinine et a1, 2018

* Predict the sequence and mask tokens with
low confidence

* Perform such token refinement by multiple
Iterations

e Drawback of token-based refinement models

« Token prediction is time-consuming
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Latent-variable Non-autoregressive MT

Core Idea:
Capture translation decisions with my dOg stole my cheese

continuous latent variables

Each source token is assigned with

one latent variable Decoder

Each latent variable is a low-

dimensional vector

Finding the best setting of latent
variables with high-speed inference 8
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Encoder / Inference

mi perro robo mi queso




Objective function

 Similarto VAE, we train our model with ELBO
(evidence lower bound) /

logp(Y|X) > ELBO(X,Y;0,¢,w) \
= Ezng, | logpo(Y[X, Z, v )po(iv X, Z) | = KL(gg(Z]X, Y) | (Z]X))

* Training:

0, b, o = argmax ELBO(X,Y;0, ¢,w)




Model architecture

Latent NAT parameterizes four

distributions

Reuse Transformer modules

Length Transform: adjust |x|
vectors to |y| vectors
(skip the details here)
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Translation with Latent NAT

o After model training we get:

- PR .. R ’é‘;—»—»z

* Naive inference (decoding)
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Problem of naive inference

D F-

Problem of naive inference

the center of a Gaussian may not produce the best results
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Better inference approaches (1)

Delta inference (Shu et al., AAAI 2020)
» Latent-variable updating for maximizing approximated ELBO

 ELBO is improved after iterations with rapid convergence
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Better inference approaches (2)

Energy-based inference (Jason et al., EMNLP 2020)

Build an energy model E(Z)
High-quality latent vectors get low energy

energy field

Update latent variables with the
energy gradient

| Zt—l—l — Zt — OéVZtE(Zt)

l

Energy-driven gradient descent
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Better inference approaches (2)

* Energy-based inference (Jason et al., EMNLP 2020)

e Build an energy model E(Z)
* High-quality latent vectors get low energy

» Update latent variables with the
energy gradient

/ | Liy1 = Lt — OéVZtE(Zt)

® updated Z |

— / Energy-driven gradient descent
mean of prior

energy field



Experiments
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Experiment settings

Dataset:
WMT'14 English -> German
IWSLT'16 Romanian -> English
IWSLT'16 German -> English
Evaluation
Translation quality: BLEU

Translation speed: averaged decoding time for one sentence
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Experiment results on machine translation

WMT'14 En-De WMT'16 Ro -> En IWSLT'16 De -> En

BLEU Speed BLEU Speed BLEU Speed
Transformer baseline, beam = 3 28.3 1x 31.5 1x 31.5 1x
Transformer baseline, beam = 1 27.5 1.1x 30.9 1.1x 31.1 1.1x
Latent NAT (Naive Inference) 25.7 15x% 28.4 34X 27.0 19X
+ Delta Inference 20.1 0.3X 29.0 19x 28.3 11x
+ Energy Inference (w/ approximation) 20.3 10x 29.1 24X 28.8 13X
+ Score Inference + Latent Search 27 .4 0.2X 30.4 15x 30.2 0.3X

» Latent Search: parallel decoding by sampling multiple latent
variable



Translation speed related to computational capacity
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Conclusion
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st Inference

* We show a novel sequence generation framework

sequence prediction problem is solved by latent-variable
inference in the continuous space

* Continuous setting and low dimensionality enable us to
updating efficiently
 Fit for on-device computing
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