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What We have done in HW1...

=> Conditional Sequence Generation

<s> 今 天 天 氣 好

Attention

Condition
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今 天 天 氣 好 </s>

=> Conditional Sequence Generation

Sequence Modeling

 



More Conditional Sequence Generation

Image Caption Generation

Machine Translation

A woman is throwing a frisbee in a park.

你好，世界！Hello, World!



Autoregressive model (inference stage)
RNN

Hello , !world

你 好 ， 世 界

<s>

!

Hello , !world

Transformer Encoder Transformer Decoder

<s>

你Transformer 好 ， 世 界 !

 



Non-autoregressive model (mostly by Transformer)

Hello , !world

Transformer Encoder Transformer Decoder

你 好 ， 世 界 !Goal:

[1]            [2]            [3]            [4]             [5]           [6]

 

(predict output length & feed position embedding)



What’s the problem?
http://speech.ee.ntu.edu.tw/~
tlkagk/courses/MLDS_2018/L
ecture/CGAN.pdf

Output would be average of images

70% 30%

model learned

http://speech.ee.ntu.edu.tw/~tlkagk/courses/MLDS_2018/Lecture/CGAN.pdf
http://speech.ee.ntu.edu.tw/~tlkagk/courses/MLDS_2018/Lecture/CGAN.pdf
http://speech.ee.ntu.edu.tw/~tlkagk/courses/MLDS_2018/Lecture/CGAN.pdf


What’s the problem?
https://speech.ee.ntu.edu.tw/~tlkag
k/courses/MLDS_2018/Lecture/GA
N%20(v2).pdf

No dependency on 
output structure

Autoregressive model
ex: PixelRNN GAN

Solutions:

No Latent Variable

70%                     30%

https://speech.ee.ntu.edu.tw/~tlkagk/courses/MLDS_2018/Lecture/GAN%20(v2).pdf
https://speech.ee.ntu.edu.tw/~tlkagk/courses/MLDS_2018/Lecture/GAN%20(v2).pdf
https://speech.ee.ntu.edu.tw/~tlkagk/courses/MLDS_2018/Lecture/GAN%20(v2).pdf


What’s the problem?

Hello !

Transformer Encoder Transformer Decoder

你 好 ！

[1]            [2]            [3]         

哈             囉              ！

嗨             ！

50%

哈囉

50%

你好

Transformer 
Decoder

Hello

哈 你 囉 好
你囉 ❌

哈好 ❌ => multi-modality problem!



generate target /
methods Image Text

naive approach Deconvolution layer + L2 loss non-autoregressive decoder

autoregressive ex: PixelRNN, VQVAE-2 autoregressive decoder

Generative 
Adversarial 
Networks
w/ non-auto model

Average of images (bad)



Vanilla NAT (Non-Autoregressive Translation)

● Predict fertility as latent variable & Copy input words
● Represents sentence-level “plan” before writing Y

[1711.02281] Non-Autoregressive 
Neural Machine Translation
Gu et al. ICLR 2018.

Transformer Decoder

你 好 ， 世 界 !

Hello     HelloHello , !world

Transformer Encoder

fertilities
predictor
(0~50)

(Softmax)

2             1               2              1

, world        world !

http://arxiv.org/abs/1711.02281
http://arxiv.org/abs/1711.02281


Fertility
Fixed targets
1. Labels comes from external aligner
2. Observing attention weights in auto-regressive models

External Aligner: https://github.com/clab/fast_align

你 好 ， 世 界 !

Transformer Decoder

Hello     Hello , world      world !

嗨 ， 世 界 !

Transformer Decoder

Hello , world      world !

Fine-tune (after NAT model converges)
1. Updating fertility classifier with REINFORCE

https://github.com/clab/fast_align


Sequence-level knowledge distillation

http://speech.ee.ntu.edu.tw/~tlkagk/courses/
ML_2019/Lecture/Small%20(v6).pdf

http://speech.ee.ntu.edu.tw/~tlkagk/courses/ML_2019/Lecture/Small%20(v6).pdf
http://speech.ee.ntu.edu.tw/~tlkagk/courses/ML_2019/Lecture/Small%20(v6).pdf


Sequence-level knowledge distillation
● Teacher: Autoregressive model, Student: Non-autoregressive model
● Construct new corpus by autoregressive teacher model
● Teacher’s greedy decode output as student’s training target

http://speech.ee.ntu.edu.tw/~tlkagk/courses/
ML_2019/Lecture/Small%20(v6).pdf

50%

哈囉

50%

你好

Non-autoreg. 
DecoderHello

哈 你 囉 好

50%

哈囉

50%

你好

Autoreg. 
DecoderHello

哈 你

囉

好

❌
❌

http://speech.ee.ntu.edu.tw/~tlkagk/courses/ML_2019/Lecture/Small%20(v6).pdf
http://speech.ee.ntu.edu.tw/~tlkagk/courses/ML_2019/Lecture/Small%20(v6).pdf


Noisy Parallel Decoding (NPD)

1. Sample several fertilitie sequences
2. Generate sequences
3. Score by a autoregressive model

fertilities
predictor
(Softmax)

你 好 ， 世 界 !

Transformer Decoder

Hello     Hello           ,           world         world          ?Hello , !world

Transformer Encoder

2             1               2              1

1             2               2              1

3             0               2              1
嗨 。 ， 世 界 !

你 好 阿 世 界 !

Autoregressive Decoder Teacher



Autoregressive model w/ teacher forcing

Hello , !world

Transformer Encoder Transformer Decoder w/ Causal Mask

<s>

你Transformer 好 ， 世 界 !

你 好 ， 世 界

0.7 0.8 0.5 0.6 0.9

compute probabilities



Experiments



Experiments



Experiments



Experiments



Experiments



Ablation
uniform: 看對應長度，四捨五入直接 Copy inputs
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uniform: 看對應長度，四捨五入直接 Copy inputs



Ablation
uniform: 看對應長度，四捨五入直接 Copy inputs



Evolution of NAT
time: O(1)

time: O(1)2. Iterative Refinement
a. iNAT, Lee et al., EMNLP’18
b. Mask-Predict, Ghazvininejad et 

al., EMNLP’19

1. Vanilla NAT
a. Gu et al., ICLR’18

3. Insertion-based
a. Insertion Transformer, Stern et 

al., ICML’19
b. KERMIT, Chan et al., arXiv’19

4. Insert+Delete 
a. Levenshtein Transformer, Gu et 

al., NeurIPS’19
5. CTC-based

a. E2E NAT w/ CTC, Jindrich 
Libovick et al., EMNLP’20

b. NAT w/ Latent Alignments, 
Saharia et al., arXiv’20

time: O(log N)



NAT with Iterative Refinement

  

 

 

 

 

Stochastically mix cost function

 

[1802.06901] Deterministic Non-Autoregressive Neural Sequence 
Modeling by Iterative Refinement, Lee et al., EMNLP 2018

Encoder

target length

copy & extent
to target length

Decoder_1 Decoder_2

https://arxiv.org/abs/1802.06901
https://arxiv.org/abs/1802.06901


Results



Mask-Predict 
Conditional Masked Language Models (CMLM):

MaskedLM

Hello , !world

Transformer Encoder

你 好 ， 世 界 !

你 [MASK] [MASK]， 世 !

[1904.09324] Mask-Predict: Parallel Decoding 
of Conditional Masked Language Models, 
Ghazvininejad et al., EMNLP 2019

https://arxiv.org/abs/1904.09324
https://arxiv.org/abs/1904.09324


Mask-Predict 
t = 0

MaskedLM

Hello , !world

Transformer Encoder

你 囉 ， ， 界 !

[CLS]

length = 6 

[MASK] [MASK][MASK] [MASK] [MASK] [MASK]

[1904.09324] Mask-Predict: Parallel Decoding 
of Conditional Masked Language Models, 
Ghazvininejad et al., EMNLP 2019

https://arxiv.org/abs/1904.09324
https://arxiv.org/abs/1904.09324


Mask-Predict 
t = 1

MaskedLM

Hello , !world

Transformer Encoder

你 好 ， 世 界 !

[CLS]

length = 6 

你        囉          ，        ，         界         ！

你      [MASK]       ，     [MASK]       界         ！

mask n tokens with 
minimum probabilities

n is linearly decay 
T is total step you want.

[1904.09324] Mask-Predict: Parallel Decoding 
of Conditional Masked Language Models, 
Ghazvininejad et al., EMNLP 2019

https://arxiv.org/abs/1904.09324
https://arxiv.org/abs/1904.09324


Mask-Predict 
Example:          (target length is fixed)



Results



Insertion Transformer
Partially Autoregressive Model

Insertion Decoder

Hello , !world

Transformer Encoder

[bos] 你 ！， 界 [eos]

partial hypothesis

[1902.03249] Insertion Transformer: Flexible Sequence 
Generation via Insertion Operations, Stern et al., ICML 2019.

好 世

http://arxiv.org/abs/1902.03249
http://arxiv.org/abs/1902.03249


Insertion Transformer
Partially Autoregressive Model

Insertion Decoder

Hello , !world

Transformer Encoder

[bos] 你 ！， 界 [eos]

[1902.03249] Insertion Transformer: Flexible Sequence 
Generation via Insertion Operations, Stern et al., ICML 2019.

partial hypothesis

http://arxiv.org/abs/1902.03249
http://arxiv.org/abs/1902.03249


Insertion Transformer
Partially Autoregressive Model

Insertion Decoder

[bos] 你 ！， 界 [eos]

predict words
好 世[end] [end] [end]

[bos]     你     好     ，     世     界     ！     [eos]

Hello , !world

Transformer Encoder

partial hypothesis



Training Examples

origin： y1 y2 y3 y4 y5 y6 y7 y8 y9 y10

y7 y10y2 y6 y5 y8 y9 y4 y3 y1

y7 y10y2 y6 y5 y8 y9 y4 y3 y1

y1 y2 y3 y4 y5 y6 y7 y8 y9 y10

y1 y2 y3 y4 y5 y6 y7 y8 y9 y10

shuffled：

random sample k：

select first k words：

get slots to insert：



Training Examples

y1 y2 y3 y4 y5 y6 y7 y8 y9 y10

Insertion DecoderTransformer Encoder

x1           x2           x3           x4

[bos]   y2    y5    y6    y7    y10  [eos]

y1

y3

y4

y8

y9[end] [end] [end]



Multiple target words to predict?

Uniform Policy

Balanced Binary Tree Policy

softmax weighting policy Middle word has priority!!!



Example



Decode stage

operations 



Comparison



KERMIT: Kontextuell Encoder Representations 
Made by Insertion Transformations

From P(y|x) to P(x, y), P(x), P(y), P(x|y), P(y|x)

[1906.01604] KERMIT: Generative Insertion-Based Modeling 
for Sequences, Chan et al., arXiv 2019.

http://arxiv.org/abs/1906.01604
http://arxiv.org/abs/1906.01604


Advantages
KERMIT

[bos] Hello  , world   !    [sep]  你    ，    界 ！ [eos]

好 世
P(y|x)

KERMIT
[bos] Hello   ,    !    [sep]   你   好  ，  世   界 ！ [eos]

worldP(x|y)

P(x, y)

KERMIT
[bos] Hello  ,    !    [sep]  你    ，    界 ！ [eos]

好 世world

KERMIT
[bos]  你    ，    界 ！ [sep]

好 世
P(x)

KERMIT
[sep]  Hello  ,   !    [eos]

worldP(y)



Results



Results
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Results



GLUE



Zero-shot ClozeQA



Multilingual KERMIT:
It’s Not Easy Being Generative

KERMIT can be trained by feeding it N way parallel-data, 
bilingual data, or monolingual data. At inference, KERMIT 
can generate translations for a particular target language, or 
up to N −1 languages in parallel.

Multilingual KERMIT: It’s Not Easy Being Generative, Chan et al., Perception as 
Generative Reasoning Workshop @NeurIPS 2019.

HelloBONJOUR

CIAOHOLA

你好

https://pgr-workshop.github.io/img/PGR027.pdf


Transformer 
Encoder

Levenshtein Transformer

Decoder +insert classifier

Decoder +delete classifier

Decoder +token classifier

<s> 貓坐在墊子上  
</s>

How to train?

Imitation Learning

[1905.11006] Levenshtein Transformer, 
Gu et al., NeurIPS 2019.

http://arxiv.org/abs/1905.11006


Learn from expert: Levenshtein Distance Algorithm

>>> import Levenshtein
>>> Levenshtein.distance("ABCEFGHJJ", "ABCDEFGHI")
3
>>> Levenshtein.editops("ABCEFGHJJ", "ABCDEFGHI")
[('insert', 3, 3), ('delete', 7, 8), ('replace', 8, 8)]

In this paper we decompose ‘replace’ into delete+insert.



Imitation Learning

Levenshtein 
Distance

Algorithm

This is a pen .

=> <s> This is is a pen . </s> => 0 0 1 0 0 0 0 0

=> <s> This pen . </s> => 0 2 0 0

=> - - is a - - -=> <s> This [PLH] [PLH] pen . </s>

sentences that need to 
delete words

sentences that need to 
insert words

insert classifier

delete classifier

token classifier



Examples



Results



Results



Results



Results



Results



CTC
● also non-autoregressive model (for speech recognition)
● speech data doesn’t have serious multi-modality problem!

shortcoming: 
1. Falls behind LAS
2. Can’t be refined Encoder

 _  你 _   _ 好 好  _  _   _  棒 棒 _  _

speech 
features

Connectionist Temporal Classification : Labelling 
Unsegmented Sequence Data with Recurrent 
Neural Networks, Graves et al., ICML 2006

https://www.cs.toronto.edu/~graves/icml_2006.pdf
https://www.cs.toronto.edu/~graves/icml_2006.pdf
https://www.cs.toronto.edu/~graves/icml_2006.pdf
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speech 
features

Connectionist Temporal Classification : Labelling 
Unsegmented Sequence Data with Recurrent 
Neural Networks, Graves et al., ICML 2006

https://www.cs.toronto.edu/~graves/icml_2006.pdf
https://www.cs.toronto.edu/~graves/icml_2006.pdf
https://www.cs.toronto.edu/~graves/icml_2006.pdf


Imputer (CTC+Mask-Predict)

Encoder

speech features 
from conv layers

partial
sentence [M] [M] [M] [M] [M] [M] [M] [M] [M] [M] [M] [M] [M] 

___  [M] [M] 你 [M] [M] 好 [M] ___ [M] 棒 [M] [M] 

t = 0

[2002.08926] Imputer: Sequence Modelling via Imputation 
and Dynamic Programming, Chan et al., arXiv 2020

http://arxiv.org/abs/2002.08926
http://arxiv.org/abs/2002.08926


Imputer (CTC+Mask-Predict)

Encoder

partial
sentence

___ ___ ___  你 你 ___ 好 ___  ___  ___ 棒 ___  ___ 

___  [M] [M] 你 [M] [M] 好 [M] ___ [M] 棒 [M] [M] 

speech features 
from conv layers

t = 1

[2002.08926] Imputer: Sequence Modelling via Imputation 
and Dynamic Programming, Chan et al., arXiv 2020

http://arxiv.org/abs/2002.08926
http://arxiv.org/abs/2002.08926


Block Decoding

Encoder

partial
sentence [M] [M] [M] [M] [M] [M] [M] [M] [M] [M] [M] [M] [M] 

___  [M] [M] 你 [M] [M]  [M] [M] ___ [M] 棒 [M] [M] 

ex: Decode Block Size = 3
pick one position in a block to predict each time
=> max iteration = block size

speech features 
from conv layers

[2002.08926] Imputer: Sequence Modelling via Imputation 
and Dynamic Programming, Chan et al., arXiv 2020

http://arxiv.org/abs/2002.08926
http://arxiv.org/abs/2002.08926


Example



Results



Applying CTC/Imputer on text generation

[1811.04719] End-to-End Non-Autoregressive Neural Machine Translation with Connectionist Temporal 
Classification, Libovický et al., EMNLP 2018
[2004.07437] Non-Autoregressive Machine Translation with Latent Alignments, Chan et al., arXiv 2020

http://arxiv.org/abs/1811.04719
http://arxiv.org/abs/1811.04719
http://arxiv.org/abs/2004.07437


Results
compared with single step models



Results compared with multiple refine steps models



Knowledge Distillation in NAT

[1911.02727] Understanding Knowledge 
Distillation in Non-autoregressive Machine 
Translation, Gu et al., ICLR 2020

http://arxiv.org/abs/1911.02727
http://arxiv.org/abs/1911.02727
http://arxiv.org/abs/1911.02727
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