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Neural Sequence Generation

ÅMany real-world applications can be seen as sequence generation!
ÅWe can transform any structured data into sequence 

ÅFor instance, speech as wave sequence; images can be flattened into pixel sequences, etc.
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Autoregressive (AR) Sequence Generation

ÅGenerate sequence token by token in an autoregressive way

ÅFactorize the joint probability in a chain rule

ÅHas been poplar in many sequence generation tasks (NLP, speech, CV) 
ÅCan be implemented with RNN/CNN/Transformer  

ÅCan be unconditional (a single decoder) or conditional (encoder-decoder)

Decoder
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Popular models in AR: Transformer & LLM

ÅTransformer (2017)
ÅUnleashthe modeling power by removing the inductive 

bias in RNN and CNN  

through QKV attention

ÅHas become the model backbone for NLP, Speech and CV 

ÅGPT-1/2/3
ÅLarge-scale pre-training models using autoregressive 

Transformer
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Transformer & LLM 

ÅZero-shot / One-shot in-context learning with LLM

ÅMulti-modal generation (DALLE-1)

9
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Why do we care?

Å Text generation models are mostly autoregressive 

Å Each step needs a forward pass of deep Transformer layers.

Then, why do we want to explore other alternatives

(a possible illustration)
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AR model is slow

Å Inference time linearly grows with sequence length

Å Time consuming in real-time scenarios, especially for long text/speech/image sequence
Å Text: 10~100

Å Speech: 500 for spectrogram or 80K for waveform for a 1s speech

Å Image: 65536 (256*256) for pixel and 256 (16*16) for tokens 
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Harmful biases in AR generation

Å Exposure bias

Å Exposure bias: ground-truth tokens are taken as input in training (teacher-forcing), but predicted 

tokens are taken as input in inference (free-run)

Å Error propagation: later tokens will be affected by the accumulated errors in previous tokens

Å Label bias

Å The normalization constraint over vocabulary items at each decoding step in autoregressive 

models poses a harmful inductive bias which leads to learning miscalibrateddistributions over 

tokens and sequences

Å Orderbias
Å Left-to-right generation may not be the best order for generation, or some data prefers no order
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Non-autoregressive Text Generation

Å Can we synthesize text in parallel like typical image synthesis? 

Å We propose the first non-autoregressive translation (NAT) model,which

buildson top of Transformer.

Gu, J., Bradbury, J., Xiong, C., Li, V.O. and Socher, R., 2017. Non-autoregressive 
neural machine translation. ICLR 2018
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Evaluation protocol

How can we compare the performance between AR and 

NAR systems?

Å Standard benchmark:

Å Machine Translation, WMT14 EnĄDe

Å Quality measure

Å BLEU score

Å Efficiency measure

Å Latency (GPU batch=1, 

batch=full and CPU batch=1)

Å Quality-efficiency trade-off figure
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Why is NAR difficult?

Å The original NAR system is far from the AR baselines.

Gu, J., Bradbury, J., Xiong, C., Li, V.O. and Socher, R., 2017. Non-autoregressive 
neural machine translation. ICLR 2018

Models BLEU

Autoregressive Baselines 27.48

NAT 17.69

NAT with reranking 19.17
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Why is NAR difficult?

Typical errors made by a NAR system:

Å Repetitive tokens (over generation)

Å Shorter or broken sentences (under generation)

Å Influent sentence (no/weak language model)

Fundamental issue:

Å The independence assumption in the output space 

ignoresthe real dependency between target tokens.

Å Maximum-likelihood training force to cover all 

possible modes

Thank you

Vie le n D ank

D anke schѩn

D anke

D anke D ank

Vie le n schѩn

Real target 
Řŀǘŀ ƛǎ άƳǳƭǘƛ-

modalέ
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Why is NAR difficult?

How AR system solve this problem?

Å P(Vielen) * P(Dank|Vielen) * P(<eos>|VielenDank)

Å P(Danke) * P(schon|Danke) * P(<eos>|Dankeschon)

AR model explicitly models the dependency in the 

target space. Generation is to make choice at each 

step and affect the next choice.

Å P(Vielen) * P(Dank)

Å P(Danke) * P(schon)

Thank you

Vie le n D ank

D anke schѩn

D anke

D anke D ank

Vie le n schѩn
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How can we improve NAR models to match 
AR systems?

Xiao, Y., Wu, L., Guo, J., Li, J., Zhang, M., Qin, T. and Liu, T.Y., 2022. A Survey on Non-Autoregressive 
Generation for Neural Machine Translation and Beyond. arXivpreprint arXiv:2204.09269.

Howcan we further improve NAT?

ÅData         Ą reduce the complexity
ÅModel      Ą increase the capacity
ÅLoss          Ą resolve uncertainty
ÅLearning  Ą ease the training difficulty



Non-Autoregressive Sequence Generation

(Part II: Methods)
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A principled goal

Å¢ƘŜ Ƴŀƛƴ ŎƘŀƭƭŜƴƎŜ ƻŦ b!w ƎŜƴŜǊŀǘƛƻƴ ƛǎ άfailure of capturing the target side 
dependencyέΦ

ÅOverall instructions:

Methods Overall instructions

Model architecture LƳǇǊƻǾŜ ǘƘŜ ƳƻŘŜƭΩǎ ŎŀǇŀōƛƭƛǘȅ ƻŦ ŎŀǇǘǳǊƛƴƎ ǘŀǊƎŜǘ-side dependency

Objective function Provide learning signal that resolves uncertainty

Training data Reduce the target-side dependency in the training

Learning paradigm Better paradigm to ease the difficulty of learning 

Inference techniques Additional techniques that improve the final performance

20



Model Architecture

NAR 
Sequence 

Generation

Fully NAR 
Models

Partially NAR 
models

Locally AR 
models

Iteration-
based NAR 

models

NAR 
models 

with Latent 
variables

How to incorporate 
latent variables?

How to generate 
the output? 

Length 
predictors

Intermedia 
predictors

VAEs

Semi-Autoregressive
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Fully NAR Models

ÅThe simplest way of generating tokens in parallel.
ÅTime complexity: O(1)

ÅPros:
ÅSimple to implement 

ÅFastest decoding

ÅEasy to incorporate other improvements.

ÅDifficulties:
ÅRelatively worst performance

ÅCANNOThandle target token dependencies without 
other improvements

ÅHard to work well on LONG sequences.

Decoder

Encoder

ὼὼὼ ȣὼ

ώώ ȣώ

[mask][mask]ȣ[mask]
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Example 1: vanilla NAT model

ÅFollowing the initial work, we can 
simply implement such vanilla NAR by 
removing causal masking in the 
Transformer decoder.

ÅInputs to the decoder:
ÅSpecial mask tokens

ÅSoft-ŎƻǇȅ ƻŦ ŜƴŎƻŘŜǊΩǎ ƘƛŘŘŜƴ ǎǘŀǘŜǎ ƻǊ 
embeddings 

ÅNaïve implementation is very bad:
Å~10 BLEU on raw dataset.

Gu, J., Bradbury, J., Xiong, C., Li, V.O. and Socher, R., 2017. Non-autoregressive 
neural machine translation. ICLR 2018
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Å As a special case, fully NAR systems can be significantly improved by adding a 

small AR layer ƛƴ ǘƘŜ ƻǳǘǇǳǘΦ Lǘ ǿƛƭƭ ƘŜƭǇ ǘƻ ƳƻŘŜƭ ǘƘŜ άƳƛǎǎƛƴƎέ ǘŀǊƎŜǘ ǎƛŘŜ 

dependency without sacrificing too much on latency. 

Å It is technically autoregressive, while most of the computation is done in the NAR 

part. In this sense, it is very different from typical Transformer-based models.

Å Tiny AR layer can be:

Å N-gram LM

Å CRF

Å Tiny RNN (e.g. ,1-layer GRU or SRU)

Fully NAR model + tiny AR layer
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Å By adding the conditional random fields (CRF) 

ƻƴ ǘƻǇ ƻŦ ǘƘŜ ƻǊƛƎƛƴŀƭ b!w ƳƻŘŜƭΩǎ ƻǳǘǇǳǘΣ ƛǘ 

considers the dependency of the neighbors:

Å Apply low-rank/beam approximation to make 

the transition feasible for large vocabulary.

Å Decoding is sequential but much faster than 

typical AR models.

Example 2: NAR + CRF layer

½Φ {ǳƴΣ ½Φ [ƛΣ IΦ ²ŀƴƎΣ 5Φ IŜΣ ½Φ [ƛƴΣ ŀƴŘ ½Φ 5ŜƴƎΣ άCŀǎǘ ǎǘǊǳŎǘǳǊŜŘ ŘŜŎƻŘƛƴƎ ŦƻǊ 
ǎŜǉǳŜƴŎŜ ƳƻŘŜƭǎΣέ NeurIPS, vol. 32, pp. 3016ς3026, 2019.



Partially NAR models

ÅAR at sequence level, output multiple tokens in parallel
ÅIn the middle between AR and fully NAR models

ÅTime complexity: O(N/K) (K is the segment length)

ÅPros:
ÅProduce better performance

ÅIf tuning properly, it can achieve the same performance as AR

ÅDifficulties:
ÅGlobally still AR, it did not change the linear complexity

ÅSpeed-up is small

Decoder

Encoder

ὼὼὼ ȣὼ

ώώ ώώ ȣ

<s><s>   ώώ ȣ
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Example 3: n-gram decoding

ÅDecode multiple tokens in parallel (usually n-gram), 
and then the overall sentence is still autoregressive.

ÅRelaxed causal mask: a block-wise attention which 
can make max use of the decoded contexts.

/Φ ²ŀƴƎΣ WΦ ½ƘŀƴƎΣ ŀƴŘ IΦ /ƘŜƴΣ ά{ŜƳƛ-autoregressive neural
ƳŀŎƘƛƴŜ ǘǊŀƴǎƭŀǘƛƻƴΣέ ƛƴ 9ab[tΣ нлмуΣ ǇǇΦ птфς488 27



Example 4: Block-wise decoding

ÅA dynamic approach compared to 
άŦƛȄŜŘέ ƴ-ƎǊŀƳ ǇǊŜŘƛŎǘƛƻƴΧ

ÅThe model has three stages:
ÅPrediction: each step the NAR model 

predict an n-gram block.

ÅVerification: compare the prediction of 
b!w ƳƻŘŜƭΣ ŀƴŘ ǘƘŜ !w ǘŜŀŎƘŜǊΩǎ 
prediction in a teacher forcing matter.

ÅAccept the sequence with longest match 
and move to predict next block.

Stern, M., Shazeer, N. and Uszkoreit, J., 2018. Blockwiseparallel decoding for deep 
autoregressive models. Advances in Neural Information Processing Systems, 31.

Due to the use of AR 
teacher for verification, the 
ƳƻŘŜƭΩǎ ǇŜǊŦƻǊƳŀƴŎŜ ƛǎ 

guaranteed not worse than 
AR models, while achieving 

3x-4x speed-up!
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Locally AR models

ÅNAR at sequence level, output each segment in AR
ÅIn the middle between AR and fully NAR models

ÅTime complexity: ~O(K) (K is the segment length)

ÅAlso have similarities to NAR + tiny AR layer.

ÅPros:
ÅProduce better performance

ÅMotivated by the fact the NAR models deal with local 
dependencies badly, e.g., repetitive words.

ÅFaster generation compared to previous type

ÅDifficulties:
ÅNeed complex algorithm to merge the output or resolve 

conflicts between each position.

Decoder

Encoder

ὼὼὼ ȣὼ

[mask]    [mask]
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Example 5: Neural Phrase-based Translation

ÅPre-transformer era work, still based on RNNs.

ÅSimilar totraditional statical machine 
translation, model is learned to translate 
phrase independently with local RNNs.

ÅMerging phrases need to run dynamic 
programming (DP) which limits its application 
to high-resource domains.

Huang, P.S., Wang, C., Huang, S., Zhou, D. and Deng, L., 2018, February. Towards Neural Phrase-
based Machine Translation. InInternational Conference on Learning Representations.30



Example 6: Local autoregressive translation (LAT)

ÅSimilar toNPMT, this paper also learned to 
predict local sequence with a small RNN 
locally.

ÅNo DP needed, but a heuristic merging 
operation basedon longestcommonstring 
between two positions.

ÅDifferent from NAR +tiny RNN,it is still 
constant time. Because of the local AR, it 
can mostly remove artifacts like repetition.

X. Kong, Z. Zhang, and E. HovyΣ άLƴŎƻǊǇƻǊŀǘƛƴƎ ŀ ƭƻŎŀƭ ǘǊŀƴǎƭŀǘƛƻƴ ƳŜŎƘŀƴƛǎƳ ƛƴǘƻ ƴƻƴ-autoregressive 
ǘǊŀƴǎƭŀǘƛƻƴΣέ ƛƴ 9ab[tΣ нлнлΣ ǇǇΦ млстς1073
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Iteration-based Models

ÅGenerate/refine the sequence iteratively. For each 
iteration,  the sequence output in based on NAR.

ÅTime complexity: O(K) orO(logN) (depending on the 
methods to use)

ÅPros:
ÅGeneral and simple to implement. The straightforward 

extension of fully NAR models.

ÅBest performance so far for NAR models.

ÅDifficulties:
ÅTrade-off between quality and latency. 

ÅThe speed-ǳǇ ŀŘǾŀƴǘŀƎŜ ŎƘŀƭƭŜƴƎŜŘ ōȅ ά5ŜŜǇ ŜƴŎƻŘŜǊΣ 
ǎƘŀƭƭƻǿ ŘŜŎƻŘŜǊέΦ

Decoder

Encoder

ώώώ ȣώ

ώᴂώᴂώᴂȣώᴂ

ὼὼὼ ȣὼ

Due to time limits, we only 
introduce some classical 
models in this categories. 

We refer the readers to the 
reading list for more and 

recent approaches!

Kasai, J., Pappas, N., Peng, H., Cross, J. and Smith, N.A., 2020. Deep encoder, shallow decoder: 
Reevaluating non-autoregressive machine translation. arXivpreprint arXiv:2006.10369.32



Example 7: Mask-Predict

ÅFollowing similar training tasks of BERT 
(masked language model), we can directly 
use the mask prediction model for iterative 
generation.

ÅBERT training 15%, while CMLM is trained 
by randomly masking 0~100% tokens.

Devlin, J., Chang, M.W., Lee, K. and Toutanova, K., 2018. Bert: Pre-training of deep bidirectional transformers 
for language understanding. arXivpreprint arXiv:1810.04805.

M. Ghazvininejad, O. Levy, Y. Liu, and L. ZettlemoyerΣ άMaskpredict: Parallel decoding of conditional masked 
ƭŀƴƎǳŀƎŜ ƳƻŘŜƭǎΣέ ƛƴ 9ab[t-IJCNLP, 2019, pp. 6112ς6121.
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ÅThe BERT-style training did not tell 
us how should we inference in the 
testing time.
ÅAs it is just forcing the model to 

predict the masked tokens from the 
remaining. 

ÅSkeptical decoding -- an annealing-
based method was used for 
iterative translation
ÅSet the target iteration T.

ÅStart with all masks;

ÅFor each iteration t, make the 
prediction, and then mask (1-t/T) * N 
tokens with lowest scores.

M. Ghazvininejad, O. Levy, Y. Liu, and L. ZettlemoyerΣ άMaskpredict: Parallel decoding of conditional masked 
ƭŀƴƎǳŀƎŜ ƳƻŘŜƭǎΣέ ƛƴ 9ab[t-IJCNLP, 2019, pp. 6112ς6121.

Only keep the most confident 
tokens in early iterations, and 
gradually expand the number 

of words kept.

CMLM has a strong connection 
to diffusion-based models!

34



Example 8: Insertion Transformer

M. Stern, W. Chan, J. Kiros, and J. UszkoreitΣ άLƴǎŜǊǘƛƻƴ ǘǊŀƴǎŦƻǊƳŜǊΥ CƭŜȄƛōƭŜ ǎŜǉǳŜƴŎŜ 
ƎŜƴŜǊŀǘƛƻƴ Ǿƛŀ ƛƴǎŜǊǘƛƻƴ ƻǇŜǊŀǘƛƻƴǎΣέ ƛƴ L/a[Φ ta[wΣ нлмфΣ ǇǇΦ рфтсς5985

ÅThere is not only one way to perform 
iterative generation. Sentence can also be 
composed by insertion!

ÅMask-Predict is constrained to know 
(predict) the length before generation, while 
with insertion, it is possible to generate 
sequences in any lengths during iteration.

ÅGeneration terminates if all positions are 
not insertable. The complexity is logarithm.

36



Example 9: Levenshtein Transformer (LevT)

ÅWith one step further, LevT
combines insertion & deletion, 
which means the model can 
freely edit over the generation, 
change the length and 
terminate the iteration in a 
dynamic way.

ÅFor each iteration, it contains 
three forward passes:
ÅParallel deletion

ÅParallel insertion (predict # of 
masks, mask prediction) WΦ DǳΣ /Φ ²ŀƴƎΣ ŀƴŘ WΦ ½ƘŀƻΣ ά[ŜǾŜƴǎƘǘŜƛƴ ǘǊŀƴǎŦƻǊƳŜǊΣέ NeurIPS, vol. 32, 

pp. 11 181ς11 191, 2019
37
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Å LevTis trained through imitation learning, 

with a dual policy (simplifie version):

Å Learning to insert tokens by predicting 

random deletion;

Å Learning to delete tokens by fixing errors 

made by insertion;

Å The expert action are automatically 

generated based on Levenshtein distance 

with ground-truth.

WΦ DǳΣ /Φ ²ŀƴƎΣ ŀƴŘ WΦ ½ƘŀƻΣ ά[ŜǾŜƴǎƘǘŜƛƴ ǘǊŀƴǎŦƻǊƳŜǊΣέ NeurIPS, vol. 32, pp. 11 
181ς11 191, 2019
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Å Anexampleof iterative refinement using LevT:

WΦ DǳΣ /Φ ²ŀƴƎΣ ŀƴŘ WΦ ½ƘŀƻΣ ά[ŜǾŜƴǎƘǘŜƛƴ ǘǊŀƴǎŦƻǊƳŜǊΣέ NeurIPS, vol. 32, pp. 11 
181ς11 191, 2019
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Å Speed-up of LevTcompared to CMLM (constant time) and 

Insertion Transformer (logarithm time)

WΦ DǳΣ /Φ ²ŀƴƎΣ ŀƴŘ WΦ ½ƘŀƻΣ ά[ŜǾŜƴǎƘǘŜƛƴ ǘǊŀƴǎŦƻǊƳŜǊΣέ NeurIPS, vol. 32, pp. 11 
181ς11 191, 2019



Model Architecture

NAR 
Sequence 

Generation

Fully NAR 
Models

Partially NAR 
models

Locally AR 
models

Iteration-
based NAR 

models

NAR 
models 

with Latent 
variables

How to incorporate 
latent variables?

How to generate 
the output? 

Length 
predictors

Intermedia 
predictors

VAEs

41



42

Latent Variable Models for NAR generation

¢ƘŜ ŎƻƴŎŜǇǘ ƻŦ άƭŀǘŜƴǘ ǾŀǊƛŀōƭŜǎέ ŀǊŜ ǾŜǊȅ ƛƳǇƻǊǘŀƴǘ ŦƻǊ b!wΗ

Å The additional variables are used to capture uncertainty / dependency.

Å Iteration-ōŀǎŜŘ ƳƻŘŜƭǎ Ŏŀƴ ŀƭǎƻ ōŜ ǎŜŜƴ ŀǎ άƭŀǘŜƴǘ-ǾŀǊƛŀōƭŜ ƳƻŘŜƭǎέ

Å All the intermedia decoding results can be seen as latent.

Å Y0 (all masks) Ą Y1 Ą Y2 ĄΧ Ą YT (target sequence)

Why latent variables will be useful in NAR generation?

Thank you

Vie le n D ank

D anke schѩn

D anke

D anke D ank

Vie le n schѩn

Z=1

Z=2

Z=3

Latent variables

Suppose we only have 
three translation for this 

sentence, and we 
determine one mode first, 

then the output can be 
generated in NAR!
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Latent Variable Models for NAR generation

Å Normally, we need to marginalize the latent variables, or maximize the 

evidence lower bound (ELBO):

ὒ ὤὢ ÌÏÇὖὢὤ ÌÏÇὖὤ Ὄή

Å In practice, we can either choose to work on pre-ŘŜŦƛƴŜŘ άƭŀǘŜƴǘ ǾŀǊƛŀōƭŜǎέ 

with some off-the-shelf predictor or learn everything jointly (e.g., VAEs).
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Length predictor

aƻǎǘ b!w ǎȅǎǘŜƳǎ ŀǘ ƭŜŀǎǘ ƘŀǾŜ ƻƴŜ άƭŀǘŜƴǘ ǾŀǊƛŀōƭŜέ ςlength

Å AR model usually uses the special symbol <eos> to show the end of 

generation, and the length is determined when the generation ends.

Å However, for most NAR models (except for CTC-based models) need to 

pre-ŘŜǘŜǊƳƛƴŜ ǘƘŜ άƭŜƴƎǘƘέ ōŜŦƻǊŜ b!w ƎŜƴŜǊŀǘƛƻƴ Ŏŀƴ ǎǘŀǊǘǎΦ Lƴ ǘƘƛǎ 

sense, length itself can also be used to capture some dependency 

information!

Thank you

Vie le n D ank

D anke schѩn

D anke

D anke D ank

Vie le n schѩn

L=2

L=2

L=1
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Length predictor

Types of length predictor:

Å Training a separate classifier to predict the correct length 

Å ¦ǎƛƴƎ ǘƘŜ ŜƴŎƻŘŜǊΩǎ ƘƛŘŘŜƴ ǎǘŀǘŜǎ ŀƴŘpooling

Å Using specific [LENGTH] token in the encoder

Å Statistics

Å In some work, it is also possible to directly use the dataset statistics

Å Mostly, B is the size of length beam, and it relies on the re-ranking.
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Intermedia predictors

It is a vague categories, which refers to modeling latent variables:

Å With clear definitions / meanings

Å Predictable given the target or source-target pairs

Å Off-the-shelf predictors are available (and typically fixed) to predict these 

information

Å Not optimal, and the performance affected by the predictor.

[ŜƴƎǘƘ Ŏŀƴ ōŜ ǎŜŜƴ ŀǎ ŀ ǎǇŜŎƛŀƭ άƭŀǘŜƴǘ ǾŀǊƛŀōƭŜέ ŀǎ ǿŜ ŘƻƴΩǘ ƴŜŜŘ ǘƻ ǎŜǇŀǊŀǘŜ 

inference network to infer that.
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Example 10: Fertility predictor

Å Fertility: how many words each 

source token will be translated 

to, which is estimated by 

alignment tools.

Å Fertility can also be predicted 

in a NAR way.

Å Bonus pointΥ ǿŜ ŘƻƴΩǘ ƴŜŜŘ 

additional length predictor as 

we can add fertilities together.
Gu, J., Bradbury, J., Xiong, C., Li, V.O. and Socher, R., 2017. Non-autoregressive 
neural machine translation. ICLR 2018
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Example 11: ReorderNAT

Å Fertility can only partially help the 

translation, while it is not possible 

to handle reordering in MT.

Å ReorderNATused an additional 

module to predict reordering 

(which can be either NAR or light-

weight AR model).

Å Ordering can also be obtained from 

alignment tools.

vΦ wŀƴΣ ¸Φ [ƛƴΣ tΦ [ƛΣ ŀƴŘ WΦ ½ƘƻǳΣ άDǳƛŘƛƴƎ ƴƻƴ-autoregressive neural machine translation decoding with reordering 
ƛƴŦƻǊƳŀǘƛƻƴΣέ ƛƴ !!!LΣ ǾƻƭΦ орΣ ƴƻΦ мрΣ нлнмΣ ǇǇΦ мо тнтςмо тор
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Example 12: SynST

Å Similar toReorderNAT, we can also plug-in 

other type of predictors in the middle of 

encoder and decoder.

Å SynSTlearns to autoregressively predict 

άƘƛƎƘ-ƭŜǾŜƭέ ŎƘǳƴƪǎ ǳǎƛƴƎ ŀ ƭƛƎƘǘ-weight 

AR model, and then generate texts based 

on these chunks.

Å Chunk information can be obtained from 

a syntactic parser.

N. Akoury , K. Krishna, and M. Iyyer , ɈSyntactically supervised transformers for 
faster neural machine translation,ɉ inACL, 2019, pp. 1269ɀ1281.
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Variational Autoencoders

Different from the previous case, such models are more general

Å Latent variables have NO clear definitions / meanings

Å Need to optimize both the generator and the encoder (and potentially 

also the prior).

Å Basically, we can either model it with Continuous VAE or Discrete VAE. 

Both have pros and cons.
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Example 13: Continuous VAEs (LaNMT)

Å One way is to model the latent as 

standard continuous VAE with spherical 

Gaussian prior.

Å Inference time:

Å with mean / samples from the prior

wΦ {ƘǳΣ WΦ [ŜŜΣ IΦ bŀƪŀȅŀƳŀΣ ŀƴŘ YΦ /ƘƻΣ ά[ŀǘŜƴǘ-variable non-autoregressive neural machine translation with 
ŘŜǘŜǊƳƛƴƛǎǘƛŎ ƛƴŦŜǊŜƴŎŜ ǳǎƛƴƎ ŀ ŘŜƭǘŀ ǇƻǎǘŜǊƛƻǊΣέ ƛƴ !!!LΣ ǾƻƭΦ опΣ ƴƻΦ лрΣ нлнлΣ ǇǇΦ уупсς8853.

However, the mean 
vectors are usually not 

the best choice.
The prior is TOO simple 

to capture complex 
dependences!
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Problem of simple VAEs

Å Spherical Gaussian prior is typically too 

weak to capture complex dependencies.

Å The mean vector of the prior is usually far 

from the posterior.

Å Iterative inference with delta posterior 

wΦ {ƘǳΣ WΦ [ŜŜΣ IΦ bŀƪŀȅŀƳŀΣ ŀƴŘ YΦ /ƘƻΣ ά[ŀǘŜƴǘ-variable non-autoregressive neural machine translation with 
ŘŜǘŜǊƳƛƴƛǎǘƛŎ ƛƴŦŜǊŜƴŎŜ ǳǎƛƴƎ ŀ ŘŜƭǘŀ ǇƻǎǘŜǊƛƻǊΣέ ƛƴ !!!LΣ ǾƻƭΦ опΣ ƴƻΦ лрΣ нлнлΣ ǇǇΦ уупсς8853.
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Example 14: ContinuousVAEs+EBM

Å As a follow-up, it is also possible 

to train an energy function to 

estimate gradients in the 

continuous space.

Å The goal is to find z closer to the 

posterior more efficiently!

Lee, J., Shu, R. and Cho, K., 2020. Iterative refinement in the continuous space for 
non-autoregressive neural machine translation. EMNLP 2020 (pp. 1006-1015). 
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Example 15: FlowSeq

Å Another direction is to actively 

learn a more complex prior

Å Flowseqis a model which uses 

flow to map Gaussian noise to a 

complex prior. 

X. Ma, C. Zhou, X. Li, G. Neubig, and E. HovyΣ άFlowseq: Non-autoregressive conditional 
ǎŜǉǳŜƴŎŜ ƎŜƴŜǊŀǘƛƻƴ ǿƛǘƘ ƎŜƴŜǊŀǘƛǾŜ ŦƭƻǿΣέ ƛƴ 9ab[t-IJCNLP, 2019, pp. 4282ς4292.
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Example 16: Discrete VAEs (VQ-VAE)

Å Training of VQ-VAE for NAR 

generation are usually two steps:

Å Learning the encoder and decoder

Å Learning the AR prior over the 

discrete symbols.

Å Although the prior part is based on 

AR, it is typically shorter than the 

original length.

L. Kaiser, S. Bengio, A. Roy, A. Vaswani, N. Parmar, J. Uszkoreit, and N. ShazeerΣ άCŀǎǘ ŘŜŎƻŘƛƴƎ 
ƛƴ ǎŜǉǳŜƴŎŜ ƳƻŘŜƭǎ ǳǎƛƴƎ ŘƛǎŎǊŜǘŜ ƭŀǘŜƴǘ ǾŀǊƛŀōƭŜǎΣέ ƛƴ L/a[Φ   ta[wΣ нлмуΣ ǇǇΦ нофлς2399.

Roy, A., Vaswani, A., Neelakantan, A. and Parmar, N., 2018. Theory and 
experiments on vector quantized autoencoders. arXivpreprint arXiv:1805.11063.
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Example 17: Discrete VAEs (latent-GLAT)

Å Recently, there are also papers applying NAR 

generation in the discrete codes as well.

Å Compared to the typical framework that relies 

on AR model to generate the prior, it seems 

more efficient to generate them iteratively.

¸Φ .ŀƻΣ IΦ ½ƘƻǳΣ {Φ IǳŀƴƎΣ 5Φ ²ŀƴƎΣ [Φ vƛŀƴΣ ·Φ 5ŀƛΣ WΦ /ƘŜƴΣ ŀƴŘ [Φ [ƛΣ άƭŀǘŜƴǘ-glat: 
DƭŀƴŎƛƴƎ ŀǘ ƭŀǘŜƴǘ ǾŀǊƛŀōƭŜǎ ŦƻǊ ǇŀǊŀƭƭŜƭ ǘŜȄǘ ƎŜƴŜǊŀǘƛƻƴΣέ !/[Σ нлннΦ



A principled goal

Å¢ƘŜ Ƴŀƛƴ ŎƘŀƭƭŜƴƎŜ ƻŦ b!w ƎŜƴŜǊŀǘƛƻƴ ƛǎ άfailure of capturing the target side 
dependencyέΦ

ÅOverall instructions:

Methods Overall instructions

Model architecture LƳǇǊƻǾŜ ǘƘŜ ƳƻŘŜƭΩǎ ŎŀǇŀōƛƭƛǘȅ ƻŦ ŎŀǇǘǳǊƛƴƎ ǘŀǊƎŜǘ-side dependency

Objective function Provide learning signal that resolves uncertainty

Training data Reduce the target-side dependency in the training

Learning paradigm Better paradigm to ease the difficulty of learning 

Inference techniques Techniques that improve the final performance
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Objective Functions

Standard Cross-
Entropy Loss

Loss with 
latent 

alignments

Loss beyond 
token-level
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Cross Entropy 

ÅMost NAR models apply the standard loss function (cross-entropy) for training

ÅStandard cross entropy will compare tokens one by one between model 
prediction and ground-truth, which requires the length has tobe correct!
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Problems of Cross Entropy

ÅOver penalty for mis-alignment! (For AR model it is not an issue)

ÅToken-level CE does not consider the global correctness, which aggravates the 
weakness in capturing target side dependency.

ÅMaximum likelihood training will tend to cover all possible modes, however, as 
we discussed, NAR model lack the ability of capture target side dependencies.
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Example 18: CTC & AXE

ÅInspired from ASR literature, we replace can replace
objective with CTC that marginalizes all possible alignments
ÅIt assumes output always longer than the target, which in text 

generation we need to up-sample the decoder.

ÅThe final output is decoded by collapsing repetitive tokens. 

ÅSimilarly, AXE is another loss using the monotonic alignment 
to improve cross entropy
ÅDifference from CTC: (1) no need to up-sample; (2) using DP to find 

the best alignment instead of marginalizing the alignments.

J.Libovickȿand J. Helcl, ɈEnd-to-end non -autoregressive neural 
machine translation with connectionist temporal classification,ɉ 
in EMNLP , 2018, pp. 3016ɀ3021.

G. Marjan, V. Karpukhin, L. ZettlemoyerΣ ŀƴŘ hΦ [ŜǾȅΣ ά!ƭƛƎƴŜŘ ŎǊƻǎǎ ŜƴǘǊƻǇȅ ŦƻǊ 
non-ŀǳǘƻǊŜƎǊŜǎǎƛǾŜ ƳŀŎƘƛƴŜ ǘǊŀƴǎƭŀǘƛƻƴΣέ ƛƴ L/a[Φ   ta[wΣ нлнлΣ ǇǇΦ ормрς352362



Example 19: OAXE

ÅBoth CTC and AXE can only resolve the 
ƳƛǎƳŀǘŎƘ ǿƘŜƴ ŦƻǊ άƳƻƴƻǘƻƴƛŎέ 
alignment, while in practice re-ordering 
exists in real data, especially for tasks 
such as MT.

ÅOrder-agnostic cross-entropy (OAXE) 
loss applies the Hungarian algorithm to 
find the best possible alignment, which 
allows non-monotonic alignments in 
NAR generation.

/Φ 5ǳΣ ½Φ ¢ǳΣ ŀƴŘ WΦ WƛŀƴƎΣ άhǊŘŜǊ-agnostic cross entropy for non-autoregressive 
ƳŀŎƘƛƴŜ ǘǊŀƴǎƭŀǘƛƻƴΣέ ƛƴ L/a[Φ   ta[wΣ нлнмΣ ǇǇΦ нупфς2859.
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Example 20: N-gram loss

Å[a] N-gram level loss minimizes the 
Bag-of-Ngrams(BoN) difference 
between the model output and the 
reference sentence.

Åώōϐ ǇǊƻǇƻǎŜŘ άŜŘƛǘ ƛƴǾŀǊƛŀƴǘ 
ǎŜǉǳŜƴŎŜ ƭƻǎǎ ό9L{[ύέ ǘƻ ǊŜǇƭŀŎŜ /9Σ 
which also focuses on n-gram 
matching as convolution.

ώŀϐ /Φ {ƘŀƻΣ WΦ ½ƘŀƴƎΣ ¸Φ CŜƴƎΣ CΦ aŜƴƎΣ ŀƴŘ WΦ ½ƘƻǳΣ άaƛƴƛƳƛȊƛƴƎ ǘƘŜ ōŀƎ-of-ngramsdifference for non-
ŀǳǘƻǊŜƎǊŜǎǎƛǾŜ ƴŜǳǊŀƭ ƳŀŎƘƛƴŜ ǘǊŀƴǎƭŀǘƛƻƴΣέ ƛƴ !!!LΣ ǾƻƭΦ опΣ ƴƻΦ лмΣ нлнлΣ ǇǇΦ мфуς205.

[b] G. Liu, Z. Yang, T. Tao, X. Liang, Z. Li, B. Zhou, S. Cui, and Z. Hu, ɈDonɅt take it literally: An 
edit -invariant sequence loss for text generation,ɉarXiv preprint arXiv:2106.15078 , 2021.64



Example 21: ENGINE

ÅWe can further go from n-gram level to 
entire sequence level with a learned energy 
function.

ÅIn ENGINE, a pretrained AR model is used as 
an energy score for evaluating the output 
globally. 

ÅGradient is passed via straight-through / 
softmaxduring training.

L. Tu, R. Y. Pang, S. Wiseman, and K. GimpelΣ ά9ƴƎƛƴŜΥ Energybasedinference networks for 
non-ŀǳǘƻǊŜƎǊŜǎǎƛǾŜ ƳŀŎƘƛƴŜ ǘǊŀƴǎƭŀǘƛƻƴΣέ ƛƴ !/[Σ нлнлΣ ǇǇΦ нумфς2826 65



Example 22: GANs 

ÅExtending similar ideas from 
learning with a pretrained 
energy function, it is also 
possible to learn jointly!

ÅFor example, it might be useful 
to train text-GAN in NAR 
settings. 

Huang, F., Guan, J., Ke, P., Guo, Q., Zhu, X. and Huang, M., 2020. A text GAN for 
language generation with non-autoregressive generator. 
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A principled goal

Å¢ƘŜ Ƴŀƛƴ ŎƘŀƭƭŜƴƎŜ ƻŦ b!w ƎŜƴŜǊŀǘƛƻƴ ƛǎ άfailure of capturing the target side 
dependencyέΦ

ÅOverall instructions:

Methods Overall instructions

Model architecture LƳǇǊƻǾŜ ǘƘŜ ƳƻŘŜƭΩǎ ŎŀǇŀōƛƭƛǘȅ ƻŦ ŎŀǇǘǳǊƛƴƎ ǘŀǊƎŜǘ-side dependency

Objective function Provide learning signal that resolves uncertainty

Training data Reduce the target-side dependency in the training

Learning paradigm Better paradigm to ease the difficulty of learning 

Inference techniques Techniques that improve the final performance

68



69

Sequence-level Knowledge Distillation (KD)

Å Knowledge distillation 
Å Use the soft logit probability prediction from a teacher model to teach a student model

Å Knowledge distillation in sequence tasks
Å Token-level knowledge distillation 

Å The logit probabilityof each token is used to teach student

Å Sequence-level knowledge distillation
Å The sequence generated by the teacher model is used to teach student 

Hinton G, Vinyals O, Dean J. Distilling the knowledge in a neural network[J]. arXiv preprint arXiv:1503.02531, 2015, 2(7).
Kim Y, Rush A M. Sequence-level knowledge distillation[J]. arXiv preprint arXiv:1606.07947, 2016.
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Sequence-level Knowledge Distillation (KD)

Å Distillation at sequence level can significantly improve NAT systems:

Å 1. train teacher autoregressive model

Å нΦ ǊŜǇƭŀŎŜ ǘŀǊƎŜǘǎ ǿƛǘƘ ǘŜŀŎƘŜǊΩǎ ǇǊŜŘƛŎǘƛƻƴ

Å 3. train NAT models on the synthetic pairs

Å Almost all NAT systems benefit from KD:

w/o distillation w/ distillation

Vanilla NAT (Gu et al, 2017) 11.4 19.5 (+8.1)

FlowSeq(Ma et al, 2019) 18.6 21.7 (+3.1)

LevT(Gu et al, 2019) 25.2 26.9 (+1.7)

Train AT model

Decode from AT 
model

Train NAT model
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Why KD works?

Å Simplify the data distribution of target data, and thus reduce target 

data dependency  
Å Data is complicated, the teacher (AR) model only learn the most dominated 

distribution from the data

Å During beam search/sampling, the most probability data pattern is 

generated instead of the whole data distribution

Å E.g., ά¢Ƙŀƴƪ ¸ƻǳέ ĄάVielenDankέ ƻǊ άDankeέ, after distillation may only 

ƘŀǾŜ άDankeέ ƛƴ DŜǊƳŀƴΣ ǊŜŘǳŎŜ ǘƘŜ Ƴǳƭǘƛ-modality of target data

C. Zhou, J. Gu, and G. NeubigΣ ά¦ƴŘŜǊǎǘŀƴŘƛƴƎ ƪƴƻǿƭŜŘƎŜ Řƛǎǘƛƭƭŀǘƛƻƴ ƛƴ ƴƻƴ-
ŀǳǘƻǊŜƎǊŜǎǎƛǾŜ ƳŀŎƘƛƴŜ ǘǊŀƴǎƭŀǘƛƻƴΣέ ƛƴ L/[wΣ нлмф
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Å Quantitiveresults:A cross-entropy based measure is used for dataset complexity 

and prepare distilled data from different teacher models.

How KD works?

C. Zhou, J. Gu, and G. NeubigΣ ά¦ƴŘŜǊǎǘŀƴŘƛƴƎ ƪƴƻǿƭŜŘƎŜ Řƛǎǘƛƭƭŀǘƛƻƴ ƛƴ ƴƻƴ-
ŀǳǘƻǊŜƎǊŜǎǎƛǾŜ ƳŀŎƘƛƴŜ ǘǊŀƴǎƭŀǘƛƻƴΣέ ƛƴ L/[wΣ нлмф
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Å b!w ƳƻŘŜƭǎ ǇŜǊŦƻǊƳ ǘƘŜ ōŜǎǘ ǿƘŜƴ ǘƘŜ Řŀǘŀ ŎƻƳǇƭŜȄƛǘȅ ƳŀǘŎƘŜǎ ǘƘŜ ƳƻŘŜƭΩǎ 

capacity

How KD works?

C. Zhou, J. Gu, and G. NeubigΣ ά¦ƴŘŜǊǎǘŀƴŘƛƴƎ ƪƴƻǿƭŜŘƎŜ Řƛǎǘƛƭƭŀǘƛƻƴ ƛƴ ƴƻƴ-
ŀǳǘƻǊŜƎǊŜǎǎƛǾŜ ƳŀŎƘƛƴŜ ǘǊŀƴǎƭŀǘƛƻƴΣέ ƛƴ L/[wΣ нлмф
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Problems of KD

Å KD makes the training pipeline too long

Å You always need to first train an AR model as the teacher

Å The capacity of NAT models should be correlated with the complexity of 

the distilled dataset

Å KD hurts the lexical choice especially on low-frequency words.



A principled goal

Å¢ƘŜ Ƴŀƛƴ ŎƘŀƭƭŜƴƎŜ ƻŦ b!w ƎŜƴŜǊŀǘƛƻƴ ƛǎ άfailure of capturing the target side 
dependencyέΦ

ÅOverall instructions:

Methods Overall instructions

Model architecture LƳǇǊƻǾŜ ǘƘŜ ƳƻŘŜƭΩǎ ŎŀǇŀōƛƭƛǘȅ ƻŦ ŎŀǇǘǳǊƛƴƎ ǘŀǊƎŜǘ-side dependency

Objective function Provide learning signal that resolves uncertainty

Training data Reduce the target-side dependency in the training

Learning paradigm Better paradigm to ease the difficulty of learning 

Inference techniques Techniques that improve the final performance
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Learning paradigm

Advanced Learning 
Paradigm

Multi-
task/Curriculum 

Learning

Pre-training
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Multi-task and Curriculum Learning

ÅDirectly learning NAR models over a given dataset is hard, and easily gets 
stuck into bad optimum. 

ÅNAR models can effectively benefit from learning multiple (easier) tasks 
jointly, with a better curriculum

ÅEasier tasks:
ÅLearning with partially masked input

ÅLearning with partially autoregressive generation

ÅLearning on smaller granularity
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Example 23: GLAT

ÅIn the original Mask-Predict, it is found 
that when training on sequences with 
different mask ratio, the performance of 
single iteration model is better than those 
ǘǊŀƛƴŜŘ ŘƛǊŜŎǘƭȅ ƻƴ άŦǳƭƭ-Ƴŀǎƪέ ǎŜǘǘƛƴƎǎΦ

ÅSuch results in fact indicate that, when 
training NAR models, it is beneficial to 
ease the difficulty by jointly training on 
glanced targets.

M. Ghazvininejad, O. Levy, Y. Liu, and L. ZettlemoyerΣ άMaskpredict: Parallel decoding of 
ŎƻƴŘƛǘƛƻƴŀƭ ƳŀǎƪŜŘ ƭŀƴƎǳŀƎŜ ƳƻŘŜƭǎΣέ ƛƴ 9ab[t-IJCNLP, 2019, pp. 6112ς6121.
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Å Compared to Mask-Predict where the glancing is completely random, it is possible 

to design a curriculum:  We can control the number of tokens being glanced based 

on the training progress.

Example 23: GLAT

distance

generaciónde lenguajeeficiente

generaciónlenguajeeficientede

NAR Decoder

Target:

Prediction:

[mask] [mask] [mask] [mask]

Encoder

efficient language generation

L. Qian, H. Zhou, Y. Bao, M. Wang, L. QiuΣ ²Φ ½ƘŀƴƎΣ ¸Φ ¸ǳΣ ŀƴŘ [Φ [ƛΣ άDƭŀƴŎƛƴƎ ǘǊŀƴǎŦƻǊƳŜǊ ŦƻǊ ƴƻƴ-
ŀǳǘƻǊŜƎǊŜǎǎƛǾŜ ƴŜǳǊŀƭ ƳŀŎƘƛƴŜ ǘǊŀƴǎƭŀǘƛƻƴΣέ ƛƴ !/[-IJCNLP, 2021, pp. 1993ς2003.
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Å Compared to Mask-Predict where the glancing is completely random, it is 

possible to design a curriculum:  We can control the number of tokens being 

glanced based on the training progress.

efficient language generation

generaciónde lenguajeeficiente

NAR Decoder

Supervision:

[mask] [mask] lenguaje[mask]

Encoder

Example 23: GLAT

Glanced target token

L. Qian, H. Zhou, Y. Bao, M. Wang, L. QiuΣ ²Φ ½ƘŀƴƎΣ ¸Φ ¸ǳΣ ŀƴŘ [Φ [ƛΣ άDƭŀƴŎƛƴƎ ǘǊŀƴǎŦƻǊƳŜǊ ŦƻǊ ƴƻƴ-
ŀǳǘƻǊŜƎǊŜǎǎƛǾŜ ƴŜǳǊŀƭ ƳŀŎƘƛƴŜ ǘǊŀƴǎƭŀǘƛƻƴΣέ ƛƴ !/[-IJCNLP, 2021, pp. 1993ς2003.
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Example 24: Task-level curriculum learning

Å Task-level curriculum 

learning to shift the 

training strategy from AR 

to SAR gradually, finally 

to NAR generation.

J.Liu, Y. Ren, X. Tan, C. Zhang, T. Qin, Z. Zhao, and T. -Y. Liu, ɈTask-level curriculum learning 
for non -autoregressive neural machine translation,ɉ inIJCAI, 2021, pp. 3861ɀ3867.

AR training

Partially NAR 
training (n-gram)

Fully NAR training

K=1

K=2,4,8,16

K=N
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Example 25: Multi-granularity Curriculum Learning

Å Curriculum learning can also be performed 

on data with different translation 

granularities.

Å Training data is divided into words, 

phrases, and sentences. A progressive 

multi-granularity training strategy is used 

to train the model from easy to hard

[Φ 5ƛƴƎΣ [Φ ²ŀƴƎΣ ·Φ [ƛǳΣ 5Φ CΦ ²ƻƴƎΣ 5Φ ¢ŀƻΣ ŀƴŘ ½Φ ¢ǳΣ άtǊƻƎǊŜǎǎƛǾŜ Ƴǳƭǘƛ-granularity training for non-
ŀǳǘƻǊŜƎǊŜǎǎƛǾŜ ǘǊŀƴǎƭŀǘƛƻƴΣέ ƛƴ CƛƴŘƛƴƎǎ ƻŦ !/[-IJCNLP, 2021, pp. 2797ς2803.
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Improve NAR generation with Pre-training

Å Like typical AR sequence generation, NAR models can also be 

benefitted by fine-tuning from a pretrained models, especially from 

ά9ƴŎƻŘŜǊ-ƻƴƭȅέ ǇǊŜǘǊŀƛƴƛƴƎ ǎǳŎƘ ŀǎ .9w¢Φ

Y. SuΣ 5Φ /ŀƛΣ ¸Φ ²ŀƴƎΣ 5Φ ±ŀƴŘȅƪŜΣ {Φ .ŀƪŜǊΣ tΦ [ƛΣ ŀƴŘ bΦ /ƻƭƭƛŜǊΣ άbƻƴ-autoregressive text generation 
with pre-ǘǊŀƛƴŜŘ ƭŀƴƎǳŀƎŜ ƳƻŘŜƭǎΣέ ƛƴ 9!/[Σ нлнмΣ ǇǇΦ нопς243.

tΦ [ƛΣ [Φ [ƛΣ aΦ ½ƘŀƴƎΣ aΦ ²ǳΣ ŀƴŘ vΦ [ƛǳΣ ά¦ƴƛǾŜǊǎŀƭ ŎƻƴŘƛǘƛƻƴŀƭ ƳŀǎƪŜŘ ƭŀƴƎǳŀƎŜ ǇǊŜ-training for 
ƴŜǳǊŀƭ ƳŀŎƘƛƴŜ ǘǊŀƴǎƭŀǘƛƻƴΣέ !/[Σ нлннΦ



A principled goal

Å¢ƘŜ Ƴŀƛƴ ŎƘŀƭƭŜƴƎŜ ƻŦ b!w ƎŜƴŜǊŀǘƛƻƴ ƛǎ άfailure of capturing the target side 
dependencyέΦ

ÅOverall instructions:

Methods Overall instructions

Model architecture LƳǇǊƻǾŜ ǘƘŜ ƳƻŘŜƭΩǎ ŎŀǇŀōƛƭƛǘȅ ƻŦ ŎŀǇǘǳǊƛƴƎ ǘŀǊƎŜǘ-side dependency

Objective function Provide learning signal that resolves uncertainty

Training data Reduce the target-side dependency in the training

Learning paradigm Better paradigm to ease the difficulty of learning 

Inference techniques Techniques that improve the final performance
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Length beam / Noisy Parallel Decoding

Å First predict a target length L, and then construct a length 

beam [L-B, L+B] with beam size 2B+1

Å Use NAR model (encoder one time, decode 2B+1 times) to 

generate sentences with these lengths

Å For latent-variable based models, we can further sample 

more by sampling multiple latent codes, and then choose 

the best one with highest model scores.
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AR model re-ranking

Å After obtaining multiple candidates, we can use AR model to 

give a probability score to help select a better candidates

Å Usually weighted combine the probability score from both AR 

and NAR for final reranking
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Å Similar tothe common practice in ASR, it is also useful to combine n-gram 

LM into NAR generation, while maintaining overall speed-up.

Combine with n-gram LM

Gu, J. and Kong, X., 2021. Fully Non-autoregressive Neural Machine 
Translation: Tricks of the Trade. ACL 2021.
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A practical system of fully NAR model for 
machine translation

Gu, J. and Kong, X., 2021. Fully Non-autoregressive Neural Machine 
Translation: Tricks of the Trade. ACL 2021.
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Å Combine the technique of KD 

with proposed model, we can 

finally close the performance gap 

between autoregressive models.

Å In the meantime, the fully NAT 

model maintains over x17 speed-

up.

Final System

Gu, J. and Kong, X., 2021. Fully Non-autoregressive Neural Machine 
Translation: Tricks of the Trade. ACL 2021.
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Final System

Speed vs Quality Trade-off
Å Iterative NAT models (LevTand CMLM) require multiple iterations to achieve reliable 

performance with the sacrifice of latency

Å Speed advantage of fully NAT models shrinks when parallelism is constrained

Gu, J. and Kong, X., 2021. Fully Non-autoregressive Neural Machine 
Translation: Tricks of the Trade. ACL 2021.
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Final System

How important all these techniques?

ǒ The combination without KD has a clear 
performance drop compared to the one with KD

ǒ CTC-based model obtains better accuracy 
through marginalizing all valid alignments

ǒ The model with GLAT is more superior to the one 
with the RND training method, however it 
performs similarly with VAEs

Gu, J. and Kong, X., 2021. Fully Non-autoregressive Neural Machine 
Translation: Tricks of the Trade. ACL 2021.



Summary of Part II

Å¢ƘŜ Ƴŀƛƴ ŎƘŀƭƭŜƴƎŜ ƻŦ b!w ƎŜƴŜǊŀǘƛƻƴ ƛǎ άfailure of capturing the target side 
dependencyέΦ

ÅOverall instructions:

Methods Overall instructions

Model architecture LƳǇǊƻǾŜ ǘƘŜ ƳƻŘŜƭΩǎ ŎŀǇŀōƛƭƛǘȅ ƻŦ ŎŀǇǘǳǊƛƴƎ ǘŀǊƎŜǘ-side dependency

Objective function Provide learning signal that resolves uncertainty

Training data Reduce the target-side dependency in the training

Learning paradigm Better paradigm to ease the difficulty of learning 

Inference techniques Additional techniques that improve the final performance
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Outline

ÅPart I: Introduction (Jiatao Gu)

ÅPart II: Methods (Jiatao Gu)

ÅPart III: Applications (Xu Tan)

ÅPart IV: Open Problems (Xu Tan)

https://github.com/NAR-tutorial/acl2022
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https://github.com/NAR-tutorial/acl2022
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Outline

ÅOverview of NAR generation tasks in NLP/Speech/CV
ÅTarget-target vs target-source dependency

ÅKey tasks
ÅNeural machine translation
ÅText error correction
ÅSpeech to text recognition
ÅText to speech/Singing voice synthesis
ÅImage  generation

ÅSummary of NAR applications
ÅBenefits of NAR for different tasks
ÅAddressing target-target dependency (model multimodal distributions)
ÅAddressing target-source dependency (learn source-target alignment)
ÅData difficulty vs model capacity
ÅStreaming vs NAR, AR vs Iterative NAR
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Target-target vs target-source dependency

ÅTradeoff in dependency
ÅTarget-target dependency: dependency among target tokens

ÅTarget-source dependency: dependency on source tokens

ÅIf target-target is stronger than target-source dependency Ąmore information is needed 
from target tokens instead of source tokens ĄNAR is more difficult

ÅConnection to multi-modality
ÅMulti-modality: P(x| y) is not single-modal, not one-one mapping  

ÅŜΦƎΦΣ ά¢Ƙŀƴƪ ¸ƻǳέ ĄάVielenDankέ ƻǊ άDankeέ

ÅIf target-source dependency dominates, then P(x| y) is more like single-modal, a source token 
will have one definite translation

ÅIf target-target dependency dominates, then P(x| y) will be like multi-modal, a source token 
will have multiple token translations
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Modality Task Source Target Target-Source vs 
Target-Target 

Difficulty of NAR

Text 
Generation

Neural Machine TranslationSource language Target language ȩ ****

Text Summarization Long text Short Summarization ***

Text Error Correction Error Text Correct Text ***

Text Style Transfer Source Text Target text ***

Dialogue Generation Dialogue Response *****

Speech Recognition Speech Text ȩ ***

Speech 
Generation

Text to Speech Text Speech ***

Singing Voice Synthesis Score Singing Voice ***

Voice Conversion Source Voice Target Voice ḻ **

Speech Enhancement Noisy Speech Clean Speech ḻ *

Image 
Generation

Pixel Generation Class ID Image Pixel - *

Discrete Token Generation Image Token - **
The values in the last two columns are just for reference
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Target-source dependency

98

Dependency Type Task Alignment

Target has correspondence with sourceSpeech Enhancement Alignment inherently

Voice Conversion

Text to Speech Need alignment

Singing Voice Synthesis Music score alignment

Speech Recognition CTC Alignment

Target is a minor change of source Text Error Correction Locate the minor changes 

Text Style Transfer Content unchangeand style change

Target is a translation of source Machine Translation Alignment through attention

Target is implicitly correlated to source Dialogue Generation Absorb the high-level abstraction

Image Generation Category information 



Target-target dependency
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Dependency Type Task Description

Text Machine Translation 

Discrete tokens in languages are contextualized, explained 
mutually. 
Language tokens have strong mutual dependency

Text Summarization

Text Error Correction

Text Style Transfer

Dialogue Generation

Speech Recognition

Speech and Image Text to Speech For continuous signal like speech/sound/image, they 
depends on the concept, like speech frames depend on a 
word, image pixel depend on a class.
Maybe weaker mutual dependency 

Singing Voice Synthesis

Image Generation



Outline

ÅOverview of NAR generation tasks in NLP/Speech/CV
ÅTarget-target vs target-source dependency

ÅKey tasks
ÅNeural machine translation
ÅText error correction
ÅSpeech to text recognition
ÅText to speech/Singing voice synthesis
ÅImage  generation

ÅSummary of NAR applications
ÅBenefits of NAR for different tasks
ÅAddressing target-target dependency (model multimodal distributions)
ÅAddressing target-source dependency (learn source-target alignment)
ÅData difficulty vs model capacity
ÅStreaming vs NAR, AR vs Iterative NAR

100



Modality Task Source Target Target-Source vs 
Target-Target 

Difficulty of NAR

Text 
Generation

Neural Machine Translation Source language Target language ȩ ****

Text Summarization Long text Short Summarization ***

Text Error Correction Error Text Correct Text ***

Text Style Transfer Source Text Target text ***

Dialogue Generation Dialogue Response *****

Speech Recognition Speech Text ȩ ***

Speech 
Generation

Text to Speech Text Speech ***

Singing Voice Synthesis Score Singing Voice ***

Voice Conversion Source Voice Target Voice ḻ **

Speech Enhancement Noisy Speech Clean Speech ḻ *

Image 
Generation

Pixel Generation Class ID Image Pixel - *

Discrete Token Generation Image Token - **
The values in the last two columns are just for reference
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Text error correction

ÅText errors: writing assistant, search engine, speech recognition, optical character 
recognition, etc.

ÅInput: text sequence with errors;Output: corrected text sequence 

ÅNaïve NAR solution usually fails 

ÅChallenges
ÅError detection and error correction, to avoid under/over-correction

ÅFew modifications in text error correction (e.g., 10% WER)
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Design with inductive bias, instead of black-box end-to-end learning in NAR!



Text error correction

ÅHow to detect errors and correct errors? 

ÅImplicit way 
ÅTarget-source attention
ÅCTC (connectionist temporal classification): duplicate source tokens multiple times, and use CTC loss 
ὖώὼ Вᶰ ὖᾀȿὼ

ÅExplicit way
ÅDetect the exact error patterns of insertion/deletion/substitution 
ÅOr use duration as an approximation: 0 for deletion, 1 for substitution or nochange, 2 or more for 

insertion
ÅExpand the source tokens to the length of target tokens according to duration, and generate correct 

tokens
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Text error correction

ÅImplicit error detection and correction
ÅTarget-source attention (NAR)
ÅDetermine the whole length of target sequence, but no need the exact alignment

ÅUse QKV attention:

ÅQuery: blank token/ position embedding according to the predicted length 

ÅKey/Value: source hidden

ÅCTC (connectionist temporal classification) ὖώὼ Вᶰ ὖᾀȿὼ

Åe.g., I have a hat Ą I have a cat

ÅInput of the CTC model:       I I I have havehavea a a hat hat hat (duplicate 3 times)

ÅOutput of the CTC model:    I Iᶮᶮ have   ɲ a a cɲat  ɲ ᶮ

ÅCTC path merge:                     I              have           a        cat
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Text error correction

ÅExplicit error detection and correction
ÅExact insertion/deletion/substitution

ÅDetect each source token as insertion/deletion/substitution

ÅStill need to determine the length of insertion for parallel generation
ÅOr directly use duration as an approximation: 0 for deletion, 1 for substitution or nochange, 2 or 

more for insertion

ÅHowever, how to get the label for insertion/deletion/substitution or duration? 
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Text error correction

ÅHow to get the label? Through target-source alignment!
ÅNaïve hard match, not optimal

ÅAlignment with dynamic programming, based on edit distance

106

Source:  B BD E F

Target:   A B C D F

Source:  |B|,|B|,|B|,|D|,|E|,|F|

Target:   |A|,|B|,|C|,|D|,|  |,|F|

2 1 1 0 1

Leng Y, Tan X, Zhu L, et al. FastCorrect: Fast Error Correction with Edit Alignment for Automatic Speech Recognition[J]. NeurIPS 2021



Text error correction

ÅHow to use the alignment label? 
ÅProvide duration label or provide error detection label 

107



Text error correction

ÅIn training correction model, usually data augmentation/pre-training is used
ÅWhy? Few modifications in text error correction (e.g., 10% WER), few training signal can be 

leveraged 

ÅHow to augment data? 
ÅManually augment:insertion/deletion/substitution
ÅThe probability distribution of deletion, insertion and substitution is set to the error distribution

ÅModel based augment
ÅBERT model with masked language modeling 
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Text error correction

ÅText error correction on speech recognition (FastCorrect, NeurIPS2021)
ÅASR model is a Conformer model from ESPnet, on Chinese AISHELL-1 dataset
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Text error correction

ÅText error correction on speech recognition (FastCorrect, NeurIPS2021)
ÅCompare with deep encoder and shallow decoder (no inductive bias)
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Text error correction

ÅIs implicit detection or explicit detection good enough? 
ÅImplicit: does not provide clear signal about which tokens are incorrect

ÅExplicit: suffers from detection accuracy (insertion/deletion/substitution)

ÅA better way: a soft detection mechanism: neither too implicit nor too explicit 
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Text error correction

ÅExtensions of error correction on ASR/OCR or other text generation models
ÅN-best output 
ÅVoting effect: tokens from multiple sentences can verify the correctness with each other 

Åe.g., άL have a ŎŀǘέΣ άL ƘŀǾŜ a hatέΣ άL ƘŀǾŜ a batέ

ÅSource speech/image information
ÅTwo encoders, one for speech/image, the other for error text 

ÅUse cross-attention to serve as additional input

ÅAction based correction
ÅFirst predict the correction action: keep, delete, generate

ÅThen generate the corresponding correction 
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Modality Task Source Target Target-Source vs 
Target-Target 

Difficulty of NAR

Text 
Generation

Neural Machine Translation Source language Target language ȩ ****

Text Summarization Long text Short Summarization ***

Text Error Correction Error Text Correct Text ***

Text Style Transfer Source Text Target text ***

Dialogue Generation Dialogue Response *****

Speech Recognition Speech Text ȩ ***

Speech 
Generation

Text to Speech Text Speech ***

Singing Voice Synthesis Score Singing Voice ***

Voice Conversion Source Voice Target Voice ḻ **

Speech Enhancement Noisy Speech Clean Speech ḻ *

Image 
Generation

Pixel Generation Class ID Image Pixel - *

Discrete Token Generation Image Token - **
The values in the last two columns are just for reference
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Automatic Speech Recognition

ÅInput: speech (waveform/spectrogram) sequence 

ÅOutput: text (word/BPE/character/phoneme) sequence

ÅTarget dependency comparison with NMT
ÅNMT: For a source word, the translation can be A-B or C-D. If the first word is A, then the next 

should be B, otherwise if the first is C, the next should be D.

ÅASR: For a source segment, the recognition should be A-B. If the first word is A, then the next 
should be B. If the first is C, the next should be still B. 
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Target dependency in ASR is weaker than that in NMT



Automatic Speech Recognition

ÅCTC (connectionist temporal classification)

ὖώὼ

ᶰ

ὖᾀȿὼ

•ώ is called CTC path
Åe.g.,  ᾀ: HHEɲ Lɲ LOO, or ɲHHEELɲLO  ĄώȡI9[[h

ÅCTC assumes no dependency among the target tokens, but can still works well

ÅBut modeling target dependency can still bring improvement
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Automatic Speech Recognition

ÅRefine the CTC output with bidirectional dependency
ÅToken-level (after CTC merge): 
ÅMask-CTC: CMLM decoder refine the CTC output 

ÅImproved Mask-CTC:with lengthadjustment

ÅInsertion Transformer:

ÅKERMIT

ÅFrame-level (before CTC merge)
ÅImputer: 

ÅAlign-Refine: 

ÅAlign-Denoise

ÅIntermediate CTC

ÅSelf-conditioned CTC: DSLSP
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Higuchi Y, Chen N, Fujita Y, et al. A Comparative Study on Non-Autoregressive Modelings for Speech-to-Text Generation[J]. arXiv 2021.



Automatic Speech Recognition

117

Higuchi Y, Chen N, Fujita Y, et al. A Comparative Study on Non-Autoregressive Modelings for Speech-to-Text Generation[J]. arXiv 2021.



Automatic Speech Recognition
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Higuchi Y, Chen N, Fujita Y, et al. A Comparative Study on Non-Autoregressive Modelings for Speech-to-Text Generation[J]. arXiv 2021.



Modality Task Source Target Target-Source vs 
Target-Target 

Difficulty of NAR

Text 
Generation

Neural Machine Translation Source language Target language ȩ ****

Text Summarization Long text Short Summarization ***

Text Error Correction Error Text Correct Text ***

Text Style Transfer Source Text Target text ***

Dialogue Generation Dialogue Response *****

Speech Recognition Speech Text ȩ ***

Speech 
Generation

Text to Speech Text Speech ***

Singing Voice Synthesis Score Singing Voice ***

Voice Conversion Source Voice Target Voice ḻ **

Speech Enhancement Noisy Speech Clean Speech ḻ *

Image 
Generation

Pixel Generation Class ID Image Pixel - *

Discrete Token Generation Image Token - **
The values in the last two columns are just for reference
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Text to Speech

ÅInput: text (character/phoneme) sequence

ÅOutput: speech (waveform/spectrogram) sequence

ÅWe will mainly focus on acoustic model: phoneme to mel-spectrogram mapping, and 
vocoder: mel-spectrogram to waveform mapping

120

Text 
Analysis

Acoustic 
Model

VocoderText Speech
Phoneme Mel-

spectrogram



Text to Speech

ÅTarget dependency comparison with NMT and ASR
ÅNMT: For a source word, the translation can be A-B or C-D. If the first word is A, then the next 

should be B, otherwise if the first is C, the next should be D.

ÅASR: For a source segment, the recognition should be A-B. If the first word is A, then the next 
should be B. If the first is C, the next should be still B. 

ÅBesides, NMT and ASR rely on target dependency for language modeling 

ÅTTS

ÅSpeech frames largely depend on the source word, waveform samples largely 
depend on the condition spectrogram

Å5ŜǇŜƴŘŜƴŎȅ ŀƳƻƴƎ ǎǇŜŜŎƘ ŦǊŀƳŜǎ ŀƴŘ ǿŀǾŜŦƻǊƳ ǎŀƳǇƭŜǎΚ ¸ŜǎΣ ƛƴŘŜŜŘΣ ōǳǘΧ
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Text to Speech

ÅTarget dependency comparison with NMT and ASR
ÅDiscrete tokens in languages is contextualized, explained mutually. Language tokens have strong 

mutual dependency
ÅBut for continuous signal like speech/sound/image,  they depends on the concept, like speech 

frames depend on a word, image pixel depend on a class
ÅMaybe weak mutual dependency among signal itself, that is why parallel generation model is so 

popular in image or speech generation.

ÅAnother point
ÅWaveform samples and image pixels are so long in sequence, inference speed is extremely slow for 

autoregressive generation. Strong demand for NAR generation!

ÅSome specific reasons in speech/spectrogram generation: 
ÅUsually, speech frame is obtained via STFT with window/hop size (50ms/12.5ms), two adjacent frames 

have 3/4 overlapping. Autoregressive generation will lead to copy, unstable to model.
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Text to Speech

ÅTarget dependency comparison with NMT and ASR
ÅNMT: For a source word, the translation can be A-B or C-D. If the first word is A, then the next 

should be B, otherwise if the first is C, the next should be D.

ÅASR: For a source segment, the recognition should be A-B. If the first word is A, then the next should 
be B. If the first is C, the next should be still B. 

ÅBesides, NMT and ASR rely on target dependency for language modeling 

ÅTTS

ÅSpeech frames largely depend on the source word, waveform samples largely 
depend on the condition spectrogram

Å5ŜǇŜƴŘŜƴŎȅ ŀƳƻƴƎ ǎǇŜŜŎƘ ŦǊŀƳŜǎ ŀƴŘ ǿŀǾŜŦƻǊƳ ǎŀƳǇƭŜǎΚ ¸ŜǎΣ ƛƴŘŜŜŘΣ ōǳǘΧ
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Based on above analysis, TTS has much weaker target 
dependency than NMT, and slightly weaker than ASR



Text to Speech: NAR for speedup

ÅCompared with autoregressive mel-spectrogram/waveform generation

ÅSequence is very long, e.g., 1s speech, 500 mel, 24000 waveform points

ÅSlow inference speed
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Text to Speech: NAR for robustness

ÅAR model (Tacotron2, DeepVoice3, Transformer TTS) not robust: 
words skipping and repeating; 

ÅEncoder-decoder attention: Attention between mel-spectrogram and phoneme: 
monotonic and diagonal 
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You can call me directly at 4257037344 or my cell 4254447474 or 
send me a meeting request with all the appropriate information.

And it is worth mention in
passingthat, 
as an example offine 
typography



Text to Speech: NAR for controllability

ÅAR model automatically determines the length of speech
ÅLack of controllability: hard to control the voice speed/prosody in AR generation
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xbt!fyfdvufe!po!b!hjccfu!jo!gspou!pg!ijt!wjdujnǃt!ipvtf/

after dinner | he went into hiding for a day or two



Text to Speech: NAR overview

ÅOverview of NAR models in TTS

ÅN is sequence length, T is iteration step
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Text to Speech: FastSpeech

ÅDesign of FastSpeech

ÅGenerate mel-spectrogram in parallel

(for speedup, 270x)

ÅRemove the text-speech attention mechanism 

(for robustness, no word skipping/repeating)

ÅFeed-forward transformer with length regulator 

(for controllability, speed control)
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https://speechresearch.github.io/fastspeech/

https://speechresearch.github.io/fastspeech/


Text to Speech: FastSpeech2

ÅFastSpeech2

ÅImprove FastSpeech(one-to-many mapping)

ÅUse variance adaptor to predict duration, 

pitch, energy, etc

ÅSimplify training pipeline of FastSpeech(KD) 

ÅFastSpeech2s: a fully end-to-end parallel 

text to wave model
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https://speechresearch.github.io/fastspeech2/p(x|y) multimodal distribution


