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Slow decoding speed is a big 
problem in MT. Why don’t you start 

looking into Neural GPU?
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Problem

Inference algorithmModel class, learning and parameterization



• Conditional sequence generation:


• Given an input sequence , generate a 

corresponding output sequence .


• A broad range of tasks can be framed similarly:


• Dialogue Modelling


• Image denoising, Image inpainting


• Automatic Speech Recognition / Text-to-speech

(x1, …, xt′ 
)

(y1, …, yt)

Machine Translation



Sequence Learning

• Most neural sequence models are trained to maximize 
the log-likelihood of the training data 


     ̂θ = argmaxθ

N

∑
n=1

log pθ (yn
1:t |xn

1:t′ 
)



Autoregressive Sequence Models

• Learning: factorize the joint probability of a sequence into 
a product of conditionals. Exact likelihood.


      

• Parameterization (conditional distribution):


• RNNs (LSTMs, GRUs), ConvNet, Transformers

log p(y1:t |x1:t′ ) =
t

∑
i=1

log p(yi |y<i , x1:t′ )

p(I love BTS | 저는 방탄소년단을 좋아합니다)
 = p(I         |            저는 방탄소년단을 좋아합니다)
✕ p(love      | I,         저는 방탄소년단을 좋아합니다) 
✕ p(BTS       | I love,    저는 방탄소년단을 좋아합니다) 



Autoregressive Models: Inference

      

• Exact inference is intractable as the size of the search 
space grows exponentially w.r.t to .


• Approximate inference:


• Greedy search, beam search

̂y = argmaxy1,…,yt
p(y1, …, yt |x1:t′ )

t



Decoding latency grows linearly

• Decoding from an autoregressive model is slow, i.e. 
latency scales w.r.t the output sequence length.


• Impossible to parallelize decoding at inference time, 
despite modern parallel hardware


• Presents signi3cant challenges for:


• Document-level machine translation (~1k subword 
segments, Junczys-Dowmunt, 2019)


• Text-to-speech (32,000 samples/second)



Related work on

Non-Autoregressive Sequence Models



(1) Non-Autoregressive NMT

• Treat alignment (=fertility) as a latent variable

• Supervise alignment prediction model using external model 

• (1) Distillation, (2) Fertility as Latent Variable, (3) RL Finetuning + Reverse KL

• 3x speedup on WMT’14 En-De at the cost of 3-4 BLEU
Gu et al., 2017



(2) Parallel WaveNet for TTS

• Non-autoregressive Inverse Autoregressive Flow

• ,           

• Trained with distillation from an autoregressive WaveNet

• Auxiliary perceptual loss terms

• 1000x speedup vs. WaveNet

log px(x) = log pz( f(x)) + log det( ∂f
∂x ) xt = zt ⋅ sθ( z<t ) + μθ( z<t )

van den Oord et al., 2017



(3) Semi-autoregressive NMT

• Discrete autoencoder (non-autoregressive) for the target sentence

• One discrete latent variable autoencodes 8 neighbouring target tokens 

• Autoregressive prior from the source to the discrete latent variables.

• Discretization : VQ-VAE / semantic hashing

• 4x speedup on WMT’14 En-De at the cost of 1 BLEU

• Using distillation (Roy et al., 2018)
Kaiser et al., 2018



(4) Non-autoregressive NMT with 
Masked Language Models

•   : predict masked tokens from observed ones


• Training:  selected at random


• Decoding: mask  of target tokens with the lowest 
probability scores (at the -th re3nement step). 

• Length prediction can be batched with  different samples

•  : 27.03 BLEU on WMT’14 En->De (1.3 speedup)

•  : 25.51 BLEU on WMT’14 En->De (3x speedup)

P(ymask |yobs, x)

ymask

1 − t/T
t

l

T = 10, l = 2

T = 4, l = 2

Ghazvininejad et al., 2019



Our Approach

• We’d like to factorize the output distribution:




• Main challenge: how do we capture the dependencies 
between the output variables ?

p(y1, …, yt |x) =
t

∏
i=1

p(yi |x)

yi

Concrete is a versatile substance that has been used for centuries in a wide range of construction 
projects. Ready-mix concrete suppliers help build home foundations, driveways, roadways, bridges, 
dams, buildings and more. Self-compacting concrete improves strength and durability, while reducing 
energy use due to its ability to minimize temperature fluctuations in buildings over the course of the 
day.

Long range dependencies

ShoU dependencies



1. Sequence Learning 


• How can we learn the distribution of output sequences 
 non-autoregressively?


2. Sequence Generation 


• Having trained a model, how can we pejorm inference 
ekciently? (3nd the best output  given an input )?

(y1, …, yt)

y x

Research Questions



1. Sequence Learning 


• How can we learn the distribution of output sequences 
 non-autoregressively?


• Let latent variables capture the dependencies, so the 
distribution of the output sequence can be factorized given 
the latent variables


•

(y1, …, yt)

log p(y1:t , z |x) =
t

∑
i=1

log p(yi , z |x)

Research Questions



2. Sequence Generation 


• Having trained a model, how can we pejorm inference 
ekciently? (3nd the best output  given an input )?


•  

• Use iterative reAnement

y x

̂y = argmaxy1:t
log∫z

p(y1:t , z |x1:t′ )

Research Questions



 : (input, output) sequence


 : latent variable capturing the output sequence


 for discrete latent variables 


 for continuous latent variables 


(x, y)

z

p(y |x) = ∑
z

p(y, z |x) z

p(y |x) = ∫ p(y, z |x) dz z

1. Iterative Re3nement in a Discrete Space (Lee, Mansimov and Cho, 2018).

2. Iterative Re3nement in a Hybrid Space (Shu, Lee, Nakayama and Cho, 2020).

3. Iterative Re3nement in a Continuous Space (Lee, Shu and Cho 2020).

Latent Variable Models and Iterative Re3nement



 : (input, output) sequence


 : latent variable capturing the output sequence


 for discrete latent variables 


 for continuous latent variables 


(x, y)

z

p(y |x) = ∑
z

p(y, z |x) z

p(y |x) = ∫ p(y, z |x) dz z

1. Iterative Re3nement in a Discrete Space (Lee, Mansimov and Cho, 2018).

2. Iterative Re3nement in a Hybrid Space (Shu, Lee, Nakayama and Cho, 2020).

3. Iterative Re3nement in a Continuous Space (Lee, Shu and Cho 2020).

Latent Variable Models and Iterative Re3nement



We introduce  discrete latent variables  to capture 
the dependencies between the output variables.





             , seming 

L z1, …, zL

p(y |x) = ∑
z1:L

p(y, z1:L |x)

= ∑
z1:L

L+1

∏
l=1

p(zl |z<l, x) y = zL+1

Lee, Mansimov and Cho, 2018.

Discrete Latent Variable Models



We introduce  discrete latent variables  to capture 
the dependencies between the output variables.





             , seming 

L z1, …, zL

p(y |x) = ∑
z1:L

p(y, z1:L |x)

= ∑
z1:L

L+1

∏
l=1

p(zl |z<l, x) y = zL+1

Lee, Mansimov and Cho, 2018.

We constrain  as discrete latent variables with the same 
dimensionality as the target sentence. 

z
z ∈ {0, … , |Vtrg |}T

Discrete Latent Variable Models



We introduce  discrete latent variables  to capture 
the dependencies between the output variables.





             , seming 

L z1, …, zL

p(y |x) = ∑
z1:L

p(y, z1:L |x)

= ∑
z1:L

L+1

∏
l=1

p(zl |z<l, x) y = zL+1

As this marginalization is intractable, we 
consider two approximations:

Lee, Mansimov and Cho, 2018.

Approximations to Sidestep the Marginalization



(1) Deterministic Approximation

 

              

             , where  

p(y |x) = ∑
z1:L

p(y, z1:L |x)

= ∑
z1:L

L+1

∏
l=1

p(zl |z<l, x)

≥
L+1

∏
l=1

p( ̂zl | ̂z<l, x) ̂zl = argmaxzp(z | ̂z<l, x)

Lee, Mansimov and Cho, 2018.



(2) Stochastic Approximation

 

              

             , where  

This gives an unbiased estimate of the marginal.

p(y |x) = ∑
z1:L

p(y, z1:L |x)

= ∑
z1:L

L+1

∏
l=1

p(zl |z<l, x)

≈
L+1

∏
l=1

p( ̂zl | ̂z<l, x) ̂zl ∼ p(z | ̂z<l, x)

Lee, Mansimov and Cho, 2018.



(2) Stochastic Approximation

 

              

             , where  

p(y |x) = ∑
z1:L

p(y, z1:L |x)

= ∑
z1:L

L+1

∏
l=1

p(zl |z<l, x)

≈
L+1

∏
l=1

p( ̂zl | ̂z<l, x) ̂zl ∼ p(z | ̂z<l, x)

Lee, Mansimov and Cho, 2018.

Can be viewed as a denoising autoencoder.

L+1

∏
l=1

p(y* | ỹl, x)



Denoising Autoencoder

• , L2 squared loss , stochastic corruption 
function , denoising function 


   


• Alain and Bengio showed that DAE estimates the score 
(gradient of the log density.)


• Our corruption operations: (1) swap neighbouring tokens, 
(2) replace token with a random token, (3) repeat tokens

x ∈ ℝd l( ⋅ )
c( ⋅ ) d( ⋅ )

ℒDAE = 𝔼[ l(x, d(c(x))) ]

Lee, Mansimov and Cho, 2018.



Joint Training Objective










We train the length predictor (2-layer MLP from source 
hidden states) jointly with the rest of the model.

JLVM(θ) = −
L+1

∑
l=1

log pθ( ̂zl | ̂z<l, x)

JDAE(θ) = −
L+1

∑
l=1

log pθ(y* | ỹl, x)

J(θ) = αl ⋅ JLVM(θ) + (1 − αl) ⋅ JDAE(θ)

Lee, Mansimov and Cho, 2018.



Deterministic Inference

1.  : predict the target length


2.  : predict the 3rst latent variables


3.  : re3ne the latent variables


4. Repeat (3) for either (1) K times, or (2) until a ceUain 
termination criterion has been met.

̂T = argmaxT log p(T |X)

̂t0
t = argmaxyt

log p(y0
t |x)

̂tl
t = argmaxyt

log p(yl
t | ̂Yl, x)

Lee, Mansimov and Cho, 2018.



Network Architecture

Lee, Mansimov and Cho, 2018.
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p(zl |z<l, x)p(z1 |x)



Network Architecture

Lee, Mansimov and Cho, 2018.
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stop gradient

• We use embeddings + hidden activations from the previous layer as input to the next



Network Architecture

Lee, Mansimov and Cho, 2018.

Src Attention
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embed
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• Refine K (=4) times during training, potentially use > K steps during inference.

• Adaptive decoding : refine until output converges



Network Architecture

Lee, Mansimov and Cho, 2018.
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Loss

copy
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Feedforward
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embed
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Loss (target length)

stop gradient

• Loss from all iterations and the length prediction model are summed
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BLEU(%) Gap Speed

(Gu et al., 2018)
Baseline 23.4
Gu's Model (NAT + NPD S=100) 19.1 -4.3 2.3x

(Lee et al., 2018)
Baseline 24.5
Lee's Model (Adaptive NAR) 21.5 -3.0 1.9x

(Kaiser et al., 2018)

(Roy et al., 2018)

Kaiser's baseline 23.5
Kaiser's Model (LT, Improved semhash) 19.8 -3.7 3.8x
Roy's baseline 28.1
Roy's Model (VQVAE + EM + distillation) 26.7 -1.4 4.1x

(Ghaz et al., 2019)

Baseline 27.8
Ghaz's Model (CMLM with 4 iterations) 26.0 -1.8
Ghaz's Model (CMLM with 10 iterations) 26.9 -0.9 2~3x

(Shu et al., 2020)
(Lee et al., 2020)

Baseline 28.3
LANMT + Delta Inference 26.1 -2.2 6.3
LANMT + Score Inference + Latent Search 27.4 -0.9 6.2x

Non-autoregressive NMT on WMT’14 En-De



Latency vs. Sequence Length

Lee, Mansimov and Cho, 2018.

Re3nement Steps vs. 
Pejormance



Qualitative Results : IWSLT’16 De -> En

Lee, Mansimov and Cho, 2018.



Qualitative Results: MS COCO

Lee, Mansimov and Cho, 2018.



 : (input, output) sequence


 : latent variable capturing the output sequence


 for discrete latent variables 


 for continuous latent variables 


(x, y)

z

p(y |x) = ∑
z

p(y, z |x) z

p(y |x) = ∫ p(y, z |x) dz z

1. Iterative Re3nement in a Discrete Space (Lee, Mansimov and Cho, 2018).

2. Iterative Re3nement in a Hybrid Space (Shu, Lee, Nakayama and Cho, 2020).

3. Iterative Re3nement in a Continuous Space (Lee, Shu and Cho 2020).

Latent Variable Models and Iterative Re3nement



 

    

    

    

    

   

log pθ(y |x) = log∫ pθ(y, z |x)dz

= log∫
pθ(y |z, x) pθ(z |x)

qϕ(z |y, x)
qϕ(z |y, x)dz

= log 𝔼z∼qϕ[ pθ(y |z, x) pθ(z |x)
qϕ(z |y, x) ]

≥ 𝔼z∼qϕ
[log pθ(y |z, x) + log pθ(z |x) − log qϕ(z |y, x)]

= 𝔼z∼qϕ
[log pθ(y |z, x)] − KL[qϕ(z |y, x) | |pθ(z |x)]

= ELBO(x, y, θ, ϕ)

Continuous Latent Variable Models

Shu, Lee, Nakayama and Cho, 2020.



 

    

    

    

    

   

log pθ(y |x) = log∫ pθ(y, z |x)dz

= log∫
pθ(y |z, x) pθ(z |x)

qϕ(z |y, x)
qϕ(z |y, x)dz

= log 𝔼z∼qϕ[ pθ(y |z, x) pθ(z |x)
qϕ(z |y, x) ]

≥ 𝔼z∼qϕ
[log pθ(y |z, x) + log pθ(z |x) − log qϕ(z |y, x)]

= 𝔼z∼qϕ
[log pθ(y |z, x)] − KL[qϕ(z |y, x) | |pθ(z |x)]

= ELBO(x, y, θ, ϕ)

Continuous Latent Variable Models

Shu, Lee, Nakayama and Cho, 2020.

Decoder Prior Approximate Posterior



 

    

    

    

    

   

log pθ(y |x) = log∫ pθ(y, z |x)dz

= log∫
pθ(y |z, x) pθ(z |x)

qϕ(z |y, x)
qϕ(z |y, x)dz

= log 𝔼z∼qϕ[ pθ(y |z, x) pθ(z |x)
qϕ(z |y, x) ]

≥ 𝔼z∼qϕ
[log pθ(y |z, x) + log pθ(z |x) − log qϕ(z |y, x)]

= 𝔼z∼qϕ
[log pθ(y |z, x)] − KL[qϕ(z |y, x) | |pθ(z |x)]

= ELBO(x, y, θ, ϕ)

Continuous Latent Variable Models

J(x, y, θ, ϕ) = ELBO(x, y, θ, ϕ) + log p(ly |z)

Shu, Lee, Nakayama and Cho, 2020.



Network Architecture
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x
<latexit sha1_base64="f2yzimwbR/Dgjzp6tZ360fHRqNI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW7Ae0oWy2k3btZhN2N2IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3H1FpHst7M0nQj+hQ8pAzaqzUeOqXK27VnYOsEi8nFchR75e/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSuqh6btVrXFZqN3kcRTiBUzgHD66gBndQhyYwQHiGV3hzHpwX5935WLQWnHzmGP7A+fwB5jmM/A==</latexit><latexit sha1_base64="f2yzimwbR/Dgjzp6tZ360fHRqNI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW7Ae0oWy2k3btZhN2N2IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3H1FpHst7M0nQj+hQ8pAzaqzUeOqXK27VnYOsEi8nFchR75e/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSuqh6btVrXFZqN3kcRTiBUzgHD66gBndQhyYwQHiGV3hzHpwX5935WLQWnHzmGP7A+fwB5jmM/A==</latexit><latexit sha1_base64="f2yzimwbR/Dgjzp6tZ360fHRqNI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW7Ae0oWy2k3btZhN2N2IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3H1FpHst7M0nQj+hQ8pAzaqzUeOqXK27VnYOsEi8nFchR75e/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSuqh6btVrXFZqN3kcRTiBUzgHD66gBndQhyYwQHiGV3hzHpwX5935WLQWnHzmGP7A+fwB5jmM/A==</latexit><latexit sha1_base64="f2yzimwbR/Dgjzp6tZ360fHRqNI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW7Ae0oWy2k3btZhN2N2IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3H1FpHst7M0nQj+hQ8pAzaqzUeOqXK27VnYOsEi8nFchR75e/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSuqh6btVrXFZqN3kcRTiBUzgHD66gBndQhyYwQHiGV3hzHpwX5935WLQWnHzmGP7A+fwB5jmM/A==</latexit>

q(z|x, y)
<latexit sha1_base64="Fqs/25fy/jpdXz1xGOAmYPHYeic=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBahgpSkFPRY8OKxgv2ANpTNdtMu3WzS3Y0YY/+EFw+KePXvePPfuG1z0NYHA4/3ZpiZ50WcKW3b31ZubX1jcyu/XdjZ3ds/KB4etVQYS0KbJOSh7HhYUc4EbWqmOe1EkuLA47Ttja9nfvueSsVCcaeTiLoBHgrmM4K1kTqT8uPTw0Vy3i+W7Io9B1olTkZKkKHRL371BiGJAyo04ViprmNH2k2x1IxwOi30YkUjTMZ4SLuGChxQ5abze6fozCgD5IfSlNBorv6eSHGgVBJ4pjPAeqSWvZn4n9eNtX/lpkxEsaaCLBb5MUc6RLPn0YBJSjRPDMFEMnMrIiMsMdEmooIJwVl+eZW0qhXHrji3tVK9msWRhxM4hTI4cAl1uIEGNIEAh2d4hTdrYr1Y79bHojVnZTPH8AfW5w+DoI+P</latexit><latexit sha1_base64="Fqs/25fy/jpdXz1xGOAmYPHYeic=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBahgpSkFPRY8OKxgv2ANpTNdtMu3WzS3Y0YY/+EFw+KePXvePPfuG1z0NYHA4/3ZpiZ50WcKW3b31ZubX1jcyu/XdjZ3ds/KB4etVQYS0KbJOSh7HhYUc4EbWqmOe1EkuLA47Ttja9nfvueSsVCcaeTiLoBHgrmM4K1kTqT8uPTw0Vy3i+W7Io9B1olTkZKkKHRL371BiGJAyo04ViprmNH2k2x1IxwOi30YkUjTMZ4SLuGChxQ5abze6fozCgD5IfSlNBorv6eSHGgVBJ4pjPAeqSWvZn4n9eNtX/lpkxEsaaCLBb5MUc6RLPn0YBJSjRPDMFEMnMrIiMsMdEmooIJwVl+eZW0qhXHrji3tVK9msWRhxM4hTI4cAl1uIEGNIEAh2d4hTdrYr1Y79bHojVnZTPH8AfW5w+DoI+P</latexit><latexit sha1_base64="Fqs/25fy/jpdXz1xGOAmYPHYeic=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBahgpSkFPRY8OKxgv2ANpTNdtMu3WzS3Y0YY/+EFw+KePXvePPfuG1z0NYHA4/3ZpiZ50WcKW3b31ZubX1jcyu/XdjZ3ds/KB4etVQYS0KbJOSh7HhYUc4EbWqmOe1EkuLA47Ttja9nfvueSsVCcaeTiLoBHgrmM4K1kTqT8uPTw0Vy3i+W7Io9B1olTkZKkKHRL371BiGJAyo04ViprmNH2k2x1IxwOi30YkUjTMZ4SLuGChxQ5abze6fozCgD5IfSlNBorv6eSHGgVBJ4pjPAeqSWvZn4n9eNtX/lpkxEsaaCLBb5MUc6RLPn0YBJSjRPDMFEMnMrIiMsMdEmooIJwVl+eZW0qhXHrji3tVK9msWRhxM4hTI4cAl1uIEGNIEAh2d4hTdrYr1Y79bHojVnZTPH8AfW5w+DoI+P</latexit><latexit sha1_base64="Fqs/25fy/jpdXz1xGOAmYPHYeic=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBahgpSkFPRY8OKxgv2ANpTNdtMu3WzS3Y0YY/+EFw+KePXvePPfuG1z0NYHA4/3ZpiZ50WcKW3b31ZubX1jcyu/XdjZ3ds/KB4etVQYS0KbJOSh7HhYUc4EbWqmOe1EkuLA47Ttja9nfvueSsVCcaeTiLoBHgrmM4K1kTqT8uPTw0Vy3i+W7Io9B1olTkZKkKHRL371BiGJAyo04ViprmNH2k2x1IxwOi30YkUjTMZ4SLuGChxQ5abze6fozCgD5IfSlNBorv6eSHGgVBJ4pjPAeqSWvZn4n9eNtX/lpkxEsaaCLBb5MUc6RLPn0YBJSjRPDMFEMnMrIiMsMdEmooIJwVl+eZW0qhXHrji3tVK9msWRhxM4hTI4cAl1uIEGNIEAh2d4hTdrYr1Y79bHojVnZTPH8AfW5w+DoI+P</latexit>

length transform

p(z|x)
<latexit sha1_base64="CywutxEfwEHEr3B5m1DM5Qqb0Io=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRahXspuKeix4MVjBfsB7VKyabaNzSZLkhXr2v/gxYMiXv0/3vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLS0TRWiTSC5VJ8CaciZo0zDDaSdWFEcBp+1gfDXz2/dUaSbFrZnE1I/wULCQEWys1IrLj08P5/1iya24c6BV4mWkBBka/eJXbyBJElFhCMdadz03Nn6KlWGE02mhl2gaYzLGQ9q1VOCIaj+dXztFZ1YZoFAqW8Kgufp7IsWR1pMosJ0RNiO97M3E/7xuYsJLP2UiTgwVZLEoTDgyEs1eRwOmKDF8YgkmitlbERlhhYmxARVsCN7yy6ukVa14bsW7qZXq1SyOPJzAKZTBgwuowzU0oAkE7uAZXuHNkc6L8+58LFpzTjZzDH/gfP4AOTeO1Q==</latexit><latexit sha1_base64="CywutxEfwEHEr3B5m1DM5Qqb0Io=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRahXspuKeix4MVjBfsB7VKyabaNzSZLkhXr2v/gxYMiXv0/3vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLS0TRWiTSC5VJ8CaciZo0zDDaSdWFEcBp+1gfDXz2/dUaSbFrZnE1I/wULCQEWys1IrLj08P5/1iya24c6BV4mWkBBka/eJXbyBJElFhCMdadz03Nn6KlWGE02mhl2gaYzLGQ9q1VOCIaj+dXztFZ1YZoFAqW8Kgufp7IsWR1pMosJ0RNiO97M3E/7xuYsJLP2UiTgwVZLEoTDgyEs1eRwOmKDF8YgkmitlbERlhhYmxARVsCN7yy6ukVa14bsW7qZXq1SyOPJzAKZTBgwuowzU0oAkE7uAZXuHNkc6L8+58LFpzTjZzDH/gfP4AOTeO1Q==</latexit><latexit sha1_base64="CywutxEfwEHEr3B5m1DM5Qqb0Io=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRahXspuKeix4MVjBfsB7VKyabaNzSZLkhXr2v/gxYMiXv0/3vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLS0TRWiTSC5VJ8CaciZo0zDDaSdWFEcBp+1gfDXz2/dUaSbFrZnE1I/wULCQEWys1IrLj08P5/1iya24c6BV4mWkBBka/eJXbyBJElFhCMdadz03Nn6KlWGE02mhl2gaYzLGQ9q1VOCIaj+dXztFZ1YZoFAqW8Kgufp7IsWR1pMosJ0RNiO97M3E/7xuYsJLP2UiTgwVZLEoTDgyEs1eRwOmKDF8YgkmitlbERlhhYmxARVsCN7yy6ukVa14bsW7qZXq1SyOPJzAKZTBgwuowzU0oAkE7uAZXuHNkc6L8+58LFpzTjZzDH/gfP4AOTeO1Q==</latexit><latexit sha1_base64="CywutxEfwEHEr3B5m1DM5Qqb0Io=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRahXspuKeix4MVjBfsB7VKyabaNzSZLkhXr2v/gxYMiXv0/3vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLS0TRWiTSC5VJ8CaciZo0zDDaSdWFEcBp+1gfDXz2/dUaSbFrZnE1I/wULCQEWys1IrLj08P5/1iya24c6BV4mWkBBka/eJXbyBJElFhCMdadz03Nn6KlWGE02mhl2gaYzLGQ9q1VOCIaj+dXztFZ1YZoFAqW8Kgufp7IsWR1pMosJ0RNiO97M3E/7xuYsJLP2UiTgwVZLEoTDgyEs1eRwOmKDF8YgkmitlbERlhhYmxARVsCN7yy6ukVa14bsW7qZXq1SyOPJzAKZTBgwuowzU0oAkE7uAZXuHNkc6L8+58LFpzTjZzDH/gfP4AOTeO1Q==</latexit>

Nx

p(y|x, z, ly)
<latexit sha1_base64="NnvEYCn1eY6L8+T3/06GbS3HVo0=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahQim7RdBjwYvHCvYD2qVk02wbms2GJCuutX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyRn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0nitAmiXmsOgHWlDNBm4YZTjtSURwFnLaD8fXMb99TpVks7kwqqR/hoWAhI9hYqSfL6dND5bHC++l5v1hyq+4caJV4GSlBhka/+NUbxCSJqDCEY627niuNP8HKMMLptNBLNJWYjPGQdi0VOKLan8xvnqIzqwxQGCtbwqC5+ntigiOt0yiwnRE2I73szcT/vG5iwit/woRMDBVksShMODIxmgWABkxRYnhqCSaK2VsRGWGFibExFWwI3vLLq6RVq3pu1bu9KNVrWRx5OIFTKIMHl1CHG2hAEwhIeIZXeHMS58V5dz4WrTknmzmGP3A+fwBRqZEm</latexit><latexit sha1_base64="NnvEYCn1eY6L8+T3/06GbS3HVo0=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahQim7RdBjwYvHCvYD2qVk02wbms2GJCuutX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyRn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0nitAmiXmsOgHWlDNBm4YZTjtSURwFnLaD8fXMb99TpVks7kwqqR/hoWAhI9hYqSfL6dND5bHC++l5v1hyq+4caJV4GSlBhka/+NUbxCSJqDCEY627niuNP8HKMMLptNBLNJWYjPGQdi0VOKLan8xvnqIzqwxQGCtbwqC5+ntigiOt0yiwnRE2I73szcT/vG5iwit/woRMDBVksShMODIxmgWABkxRYnhqCSaK2VsRGWGFibExFWwI3vLLq6RVq3pu1bu9KNVrWRx5OIFTKIMHl1CHG2hAEwhIeIZXeHMS58V5dz4WrTknmzmGP3A+fwBRqZEm</latexit><latexit sha1_base64="NnvEYCn1eY6L8+T3/06GbS3HVo0=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahQim7RdBjwYvHCvYD2qVk02wbms2GJCuutX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyRn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0nitAmiXmsOgHWlDNBm4YZTjtSURwFnLaD8fXMb99TpVks7kwqqR/hoWAhI9hYqSfL6dND5bHC++l5v1hyq+4caJV4GSlBhka/+NUbxCSJqDCEY627niuNP8HKMMLptNBLNJWYjPGQdi0VOKLan8xvnqIzqwxQGCtbwqC5+ntigiOt0yiwnRE2I73szcT/vG5iwit/woRMDBVksShMODIxmgWABkxRYnhqCSaK2VsRGWGFibExFWwI3vLLq6RVq3pu1bu9KNVrWRx5OIFTKIMHl1CHG2hAEwhIeIZXeHMS58V5dz4WrTknmzmGP3A+fwBRqZEm</latexit><latexit sha1_base64="NnvEYCn1eY6L8+T3/06GbS3HVo0=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahQim7RdBjwYvHCvYD2qVk02wbms2GJCuutX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyRn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0nitAmiXmsOgHWlDNBm4YZTjtSURwFnLaD8fXMb99TpVks7kwqqR/hoWAhI9hYqSfL6dND5bHC++l5v1hyq+4caJV4GSlBhka/+NUbxCSJqDCEY627niuNP8HKMMLptNBLNJWYjPGQdi0VOKLan8xvnqIzqwxQGCtbwqC5+ntigiOt0yiwnRE2I73szcT/vG5iwit/woRMDBVksShMODIxmgWABkxRYnhqCSaK2VsRGWGFibExFWwI3vLLq6RVq3pu1bu9KNVrWRx5OIFTKIMHl1CHG2hAEwhIeIZXeHMS58V5dz4WrTknmzmGP3A+fwBRqZEm</latexit>

p(ly|z)
<latexit sha1_base64="Ug6F83RkHMkINoaftUg/Cvt64N4=">AAAB73icbVBNSwMxEJ2tX7V+VT16CRahXspuEfRY8OKxgv2AdinZNNuGZpM1yQrr2j/hxYMiXv073vw3pu0etPXBwOO9GWbmBTFn2rjut1NYW9/Y3Cpul3Z29/YPyodHbS0TRWiLSC5VN8CaciZoyzDDaTdWFEcBp51gcj3zOw9UaSbFnUlj6kd4JFjICDZW6sZVPkifHs8H5Ypbc+dAq8TLSQVyNAflr/5QkiSiwhCOte55bmz8DCvDCKfTUj/RNMZkgke0Z6nAEdV+Nr93is6sMkShVLaEQXP190SGI63TKLCdETZjvezNxP+8XmLCKz9jIk4MFWSxKEw4MhLNnkdDpigxPLUEE8XsrYiMscLE2IhKNgRv+eVV0q7XPLfm3V5UGvU8jiKcwClUwYNLaMANNKEFBDg8wyu8OffOi/PufCxaC04+cwx/4Hz+AL0bj7U=</latexit><latexit sha1_base64="Ug6F83RkHMkINoaftUg/Cvt64N4=">AAAB73icbVBNSwMxEJ2tX7V+VT16CRahXspuEfRY8OKxgv2AdinZNNuGZpM1yQrr2j/hxYMiXv073vw3pu0etPXBwOO9GWbmBTFn2rjut1NYW9/Y3Cpul3Z29/YPyodHbS0TRWiLSC5VN8CaciZoyzDDaTdWFEcBp51gcj3zOw9UaSbFnUlj6kd4JFjICDZW6sZVPkifHs8H5Ypbc+dAq8TLSQVyNAflr/5QkiSiwhCOte55bmz8DCvDCKfTUj/RNMZkgke0Z6nAEdV+Nr93is6sMkShVLaEQXP190SGI63TKLCdETZjvezNxP+8XmLCKz9jIk4MFWSxKEw4MhLNnkdDpigxPLUEE8XsrYiMscLE2IhKNgRv+eVV0q7XPLfm3V5UGvU8jiKcwClUwYNLaMANNKEFBDg8wyu8OffOi/PufCxaC04+cwx/4Hz+AL0bj7U=</latexit><latexit sha1_base64="Ug6F83RkHMkINoaftUg/Cvt64N4=">AAAB73icbVBNSwMxEJ2tX7V+VT16CRahXspuEfRY8OKxgv2AdinZNNuGZpM1yQrr2j/hxYMiXv073vw3pu0etPXBwOO9GWbmBTFn2rjut1NYW9/Y3Cpul3Z29/YPyodHbS0TRWiLSC5VN8CaciZoyzDDaTdWFEcBp51gcj3zOw9UaSbFnUlj6kd4JFjICDZW6sZVPkifHs8H5Ypbc+dAq8TLSQVyNAflr/5QkiSiwhCOte55bmz8DCvDCKfTUj/RNMZkgke0Z6nAEdV+Nr93is6sMkShVLaEQXP190SGI63TKLCdETZjvezNxP+8XmLCKz9jIk4MFWSxKEw4MhLNnkdDpigxPLUEE8XsrYiMscLE2IhKNgRv+eVV0q7XPLfm3V5UGvU8jiKcwClUwYNLaMANNKEFBDg8wyu8OffOi/PufCxaC04+cwx/4Hz+AL0bj7U=</latexit><latexit sha1_base64="Ug6F83RkHMkINoaftUg/Cvt64N4=">AAAB73icbVBNSwMxEJ2tX7V+VT16CRahXspuEfRY8OKxgv2AdinZNNuGZpM1yQrr2j/hxYMiXv073vw3pu0etPXBwOO9GWbmBTFn2rjut1NYW9/Y3Cpul3Z29/YPyodHbS0TRWiLSC5VN8CaciZoyzDDaTdWFEcBp51gcj3zOw9UaSbFnUlj6kd4JFjICDZW6sZVPkifHs8H5Ypbc+dAq8TLSQVyNAflr/5QkiSiwhCOte55bmz8DCvDCKfTUj/RNMZkgke0Z6nAEdV+Nr93is6sMkShVLaEQXP190SGI63TKLCdETZjvezNxP+8XmLCKz9jIk4MFWSxKEw4MhLNnkdDpigxPLUEE8XsrYiMscLE2IhKNgRv+eVV0q7XPLfm3V5UGvU8jiKcwClUwYNLaMANNKEFBDg8wyu8OffOi/PufCxaC04+cwx/4Hz+AL0bj7U=</latexit>
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Factorized decoding distribution

Shu, Lee, Nakayama and Cho, 2020.



Given , inference is the search problem:


 

   

  , where  is the mean of the prior

x

̂y = argmaxy ∫z
p(y, z |x) dz

= argmaxy ∫z
p(y |z, x) p(z |x) dz

≠ argmaxy p(y |μ, x) μ

Inference with continuous LVM

Shu, Lee, Nakayama and Cho, 2020.

Spherical Gaussian Prior

Simply decoding from the mean of the Gaussian prior

may not lead to the most likely output sequence y



Inference with continuous LVM

Shu, Lee, Nakayama and Cho, 2020.

latent space

Gaussian prior p(z|x)

mean of prior

Latent variables correspond to good translations

argmax
p✓(Y |X,Z)
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Given , inference is the search problem:


 

   

                              


x

̂y = argmaxyELBO(x, y, θ, ϕ)

= argmaxy𝔼z∼qϕ
[log pθ(y |z, x) + log pθ(z |x) − log qϕ(z |y, x)]

Iterative Inference with a Delta Posterior

Shu, Lee, Nakayama and Cho, 2020.

The expectation over  makes solving this intractable.z



Given , inference is the search problem:


 

By introducing a Dirac delta posterior: 


 

                               


x

̂y = argmaxyELBO(x, y, θ, ϕ)

ELBO(x, y, θ, ϕ) = 𝔼z∼qϕ
[log pθ(y |z, x) + log pθ(z |x) − log qϕ(z |y, x)]

= log pθ(y |μ, x) + log pθ(μ |x)



             
δ(z |μ) = 1 if z = μ

= 0 otherwise

             = 0

Shu, Lee, Nakayama and Cho, 2020.

We pejorm approximate maximization of this proxy lowerbound, 
using a iterative procedure reminiscent to the EM algorithm.



We can approximately maximize    with an EM-like 
procedure : we call this Delta Inference


1. Initialization :  (mean of the prior)


2. First output :  

3. Repeat until done:


1. E-Step: match (proxy) delta posterior to the approximate posterior.


                   


2. M-Step: maximize the lowerbound w.r.t :


                

log pθ (y |μ, x) + log pθ (μ |x)

z0 := 𝔼z∼pθ(z|x)[z]

̂y0 = argmaxyp(y |z0, x)

̂μi = argminμ KL[δ(z |μ) ∥ qϕ(z | ̂yi−1, x)] = 𝔼z∼qϕ(z|y,x) [z]

y

̂yi = argmaxyp(y | ̂μi, x)

Iterative Inference with a Delta Posterior

Shu, Lee, Nakayama and Cho, 2020.

Continuous

optimization

Discrete

search



Delta inference gives higher BLEU and ELBO

• Both ELBO and BLEU improve with 
more re3nement steps

• Quality vs. Speed tradeoq.


• Iterative inference improves 
translation quality in all semings.

Shu, Lee, Nakayama and Cho, 2020.
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BLEU(%) Gap Speed

(Gu et al., 2018)
Baseline 23.4
Gu's Model (NAT + NPD S=100) 19.1 -4.3 2.3x

(Lee et al., 2018)
Baseline 24.5
Lee's Model (Adaptive NAR) 21.5 -3.0 1.9x

(Kaiser et al., 2018)
(Roy et al., 2018)

Kaiser's baseline 23.5
Kaiser's Model (LT, Improved semhash) 19.8 -3.7 3.8x
Roy's baseline 28.1
Roy's Model (VQVAE + EM + distillation) 26.7 -1.4 4.1x

(Ghaz et al., 2019)

Baseline 27.8
Ghaz's Model (CMLM with 4 iterations) 26.0 -1.8
Ghaz's Model (CMLM with 10 iterations) 26.9 -0.9 2~3x

(Shu et al., 2020)
Baseline 28.3
LANMT + Delta Inference 26.1 -2.2 6.3x

Non-autoregressive NMT on WMT’14 En-De



 : (input, output) sequence


 : latent variable capturing the output sequence


 for discrete latent variables 


 for continuous latent variables 


(x, y)

z

p(y |x) = ∑
z

p(y, z |x) z

p(y |x) = ∫ p(y, z |x) dz z

1. Iterative Re3nement in a Discrete Space (Lee, Mansimov and Cho, 2018).

2. Iterative Re3nement in a Hybrid Space (Shu, Lee, Nakayama and Cho, 2020).

3. Iterative Re3nement in a Continuous Space (Lee, Shu and Cho 2020).

Latent Variable Models and Iterative Re3nement



 : (input, output) sequence


 : latent variable capturing the output sequence


 for discrete latent variables 


 for continuous latent variables 


(x, y)

z

p(y |x) = ∑
z

p(y, z |x) z

p(y |x) = ∫ p(y, z |x) dz z

1. Iterative Re3nement in a Discrete Space (Lee, Mansimov and Cho, 2018).

2. Iterative Re3nement in a Hybrid Space (Shu, Lee, Nakayama and Cho, 2020).

3. Iterative Re3nement in a Continuous Space (Lee, Shu and Cho 2020).

Latent Variable Models and Iterative Re3nement



• Delta inference is unsatisfactory as the M-step requires 
computing the sormax (slow operation).


• If iterative re3nement was pejormed in a continuous space 
only, we’d see big gains in speed.

Motivation

Lee, Shu and Cho, 2020.



• We can imagine an energy-based 
model that assigns low energies to 
local optimas of log-likelihood


• If we can train such an energy-based 
model , then we can cast a 
discrete combinatorial search 
problem into a continuous 
optimization problem.

E(z)

Faster Inference with Energy/Score Model

Lee, Shu and Cho, 2020.

z0
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low energy E(z)

zt+1 = zt − α ⋅ ∇zE(z)



• Given a latent variable model  (trained, 3xed):


• Let  be a function that approximates the quality 
of any latent variable  w.r.t the source sentence .


•  

• Our goal : Find a function  where


pθ(y, z |x)

τθ (z; x)
z x

τθ (z; x) := log pθ( ̂y |x), ̂y = argmaxy pθ (y |z, x)

Eψ(z; x)

argminzEψ(z; x) ≈ argmaxz(τθ(z; x))

Objective for Inference Network

Shu, Lee, Nakayama and Cho, 2020.



 

 

Instead of directly approximating  , we instead train  to learn 
the diqerence of  between a pair of latent variable 
con3gurations (easier task, this is all we need for inference).


We solve the following for a pair of latent variables :


 

                  

τθ (z; x) := log pθ( ̂y |x), ̂y = argmaxy pθ (y |z, x)

argminzEψ(z; x) ≈ argmaxz(τθ(z; x))

τθ −Eψ
τθ

z ≠ z̄

minψ ( − Eψ(z̄) + Eψ(z)) − (τ(z̄) − τ(z)) 2

≈ minψ ∇zEψ(z)
2

+ 2((∇zEψ(z))⊺ ⋅ ∇zτ(z))

Learning

Shu, Lee, Nakayama and Cho, 2020.

1st order

Taylor expansion



 

 

Instead of directly approximating  , we instead train  to learn 
the diqerence of  between a pair of latent variable 
con3gurations (easier task, this is all we need for inference).


We solve the following for a pair of latent variables :


 

                  

τθ (z; x) := log pθ( ̂y |x), ̂y = argmaxy pθ (y |z, x)

argminzEψ(z; x) ≈ argmaxz(τθ(z; x))

τθ −Eψ
τθ

z ≠ z̄

minψ ( − Eψ(z̄) + Eψ(z)) − (τ(z̄) − τ(z)) 2

≈ minψ ∇zEψ(z)
2

+ 2((∇zEψ(z))⊺ ⋅ ∇zτ(z))

Learning

Shu, Lee, Nakayama and Cho, 2020.

1st order

Taylor expansion



 

 

As  is not diqerentiable with respect to  due to the 

argmax operation in ,  is not de3ned. 


We therefore use proxy gradient from delta inference, and our 
3nal training objective is the following:


 

where  is the output of applying  steps of delta inference on 

τθ (z; x) := log pθ( ̂y |x), ̂y = argmaxy pθ (y |z, x)

argminzEψ(z; x) ≈ argmaxz(τθ(z; x))

τθ(z; x) z
̂y ∇zτθ(z; x)

𝔼z∼pθ(z|x) [ ∇zEψ(z; x)
2

+ 2((∇zEψ(z; x))⊺ ⋅ (z̃ − z))]
z̃ k z

Learning

Shu, Lee, Nakayama and Cho, 2020.



 

We either parameterize  as:


1. Gradient of a scalar-valued function  (Energy 
function; LeCun et al., 2006).


2. Train a model  to directly approximate the 
gradients (Score function; Hyvärinen, 2005), 
bypassing energy estimation.

𝔼z∼pθ(z|x) [ ∇zEψ(z; x)
2

+ 2((∇zEψ(z; x))⊺ ⋅ (z̃ − z))]
∇zEψ(z; x)

E

Sψ(z; x)

Parameterization

Shu, Lee, Nakayama and Cho, 2020.



Gradient-based Inference

1. Initialize: 


2. Repeat:


    


3. Output:


    

z = 𝔼pθ(z|x)[z]

z = z − α ⋅ ∇zEψ(z; x)

̂y = argmaxyp(y |z, x)

1. Initialize: 


2. Repeat:


    


3. Output:


    

z = 𝔼pθ(z|x)[z]

z = z − α ⋅ Sψ(z; x)

̂y = argmaxyp(y |z, x)

Energy-based Inference Score-based Inference

SoMmax only computed once at the end.

Not on every iteration

Backprop



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

BLEU Speed BLEU Speed 
(4)

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-variable non-autoregressive 25.7 15x 28.4 34x 27.0 19x

+ Delta Inference 26.1 6.3x 29.0 19x 28.3 11x

+ Energy Inference 26.1 5.8x 28.8 17x 28.6 9.5x

+ Score Inference 26.3 10x 29.1 24x 28.8 13x

+ Score Inference + Latent Search 27.4 6.2x 30.4 15x 30.2 6.3x

Results

• Score inference gives slightly bemer results than energy inference


• While being much faster, as it avoids backprop.
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BLEU(%) Gap Speed

(Gu et al., 2018)
Baseline 23.4
Gu's Model (NAT + NPD S=100) 19.1 -4.3 2.3x

(Lee et al., 2018)
Baseline 24.5
Lee's Model (Adaptive NAR) 21.5 -3.0 1.9x

(Kaiser et al., 2018)
(Roy et al., 2018)

Kaiser's baseline 23.5
Kaiser's Model (LT, Improved semhash) 19.8 -3.7 3.8x
Roy's baseline 28.1
Roy's Model (VQVAE + EM + distillation) 26.7 -1.4 4.1x

(Ghaz et al., 2019)

Baseline 27.8
Ghaz's Model (CMLM with 4 iterations) 26.0 -1.8
Ghaz's Model (CMLM with 10 iterations) 26.9 -0.9 2~3x

(Shu et al., 2020)
(Lee et al., 2020)

Baseline 28.3
LANMT + Delta Inference 26.1 -2.2 6.3x
LANMT + Score Inference + Latent Search 27.4 -0.9 6.2x

Non-autoregressive NMT on WMT’14 En-De



✭ :  prior mean


     :  score inference


✖ : delta inference


    : posterior mean

Shu, Lee, Nakayama and Cho, 2020.

Gradient and latent space visualization



Shu, Lee, Nakayama and Cho, 2020.

Non-trivial, non-local changes



Inference Latency (lower = bemer)

w.r.t Length and Computational Capacity



• Autoregressive models suqer from:


• Exposure bias (due to teacher forcing)


• Pathological degenerate generations (in3nite 
repetitions)


• As models get bigger, 

Is speed the only reason for going non-auto?

Degenerate GPT-3 generations found by Cho



Collaborators

       Kyunghyun                           Raphael                                Elman                                   Hideki



Thank you. Questions?

jasonleeinf.github.io


