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Machine Translation

e Conditional sequence generation:

e Given an input sequence (x;, ..., X,), generate a
corresponding output sequence (y;, ..., y,).

e A broad range of tasks can be framed similarly:
e Dialogue Modelling
e |mage denoising, Image inpainting

e Automatic Speech Recognition / Text-to-speech



Sequence Learning

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

N
6 = argmax ., Z IOg Po (yi/l:t | x{l:t')

n=1



Autoregressive Sequence Models

e |[earning: factorize the joint probability of a sequence into
a product of conditionals. Exact likelihood.

[
log p(yy. | x1.0) = 2 log p(y; | y<i»X1.4)
i=1

p(I love BTS | XNz= YEIAEHTES ZO0(gLICH

= p(I K= HERAUIENS ZORBHICE)
X p(love I, ME YEtaATE FOHLICH)
X p(BTS I love, Me YetadErs Zoreict)

e Parameterization (conditional distribution):

e RNNs (LSTMs, GRUs), ConvNet, Transformers



Autoregressive Models: Inference

A

y = argmaxyl’m,ytp(yl, s Vel Xyp)

e Exactinference is intractable as the size of the search
space grows exponentially w.rt to .

e Approximate inference:

e Greedy search, beam search



Decoding latency grows linearly

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

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

e Presents significant challenges for:

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

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



Related work on
Non-Autoregressive Sequence Models



(1) Non-Autoregressive NMT
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» Treat alignment (=fertility) as a latent variable

e Supervise alignment prediction model using external model

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

e 3x speedup on WMT’14 En-De at the cost of 3-4 BLEU

Gu et al., 2017



(2) Parallel WaveNet for TTS
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* Non-autoregressive Inverse Autoregressive Flow

) X =2, S 2y )+ pp( 24 )

o
o 10gp,(v) = log p.(f(0) + log | det(=-)

* Trained with distillation from an autoregressive WaveNet
* Auxiliary perceptual loss terms

* 1000x speedup vs. WaveNet
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

e Using distillation (Roy et al., 2018)

Kaiser et al., 2018



(4) Non-autoregressive NMT with
Masked Language Models

* P(Ymask | Yobs: X) : predict masked tokens from observed ones
e Training: ymask Selected at random

e Decoding: mask 1 — ¢/T of target tokens with the lowest
probability scores (at the t-th refinement step).

e Length prediction can be batched with [/ different samples
e T=10,/=2:27.03 BLEU on WMT’14 En->De (1.3 speedup)

e T=4,1=2:25.51 BLEU on WMT’14 En->De (3x speedup)

Ghazvininejad et al., 2019



Our Approach

e We'd like to factorize the output distribution:

[
PO -yl = [ ] p0il )
=1

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

Long range dependencies

T
Concrete 1s 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 WWr the course of the

day. Short dependencies



Research Questions

1. Sequence Learning

e How can we learn the distribution of output sequences
(¥4, ..., y,) NON-autoregressively?

2. Sequence Generation

e Having trained a model, how can we perform inference
efficiently? (find the best output y given an input x)?



Research Questions

1. Sequence Learning

e How can we learn the distribution of output sequences
(y;» ..., y,) NON-autoregressively?

e |etlatent variables capture the dependencies, so the
distribution of the output sequence can be factorized given
the latent variables

!
o 10891, 2]X) = Zlogp(y,-,ZIX)
=1



Research Questions

2. Sequence Generation

e Having trained a model, how can we perform inference
efficiently? (find the best output y given an input x)?

Va\

® y = argmaxyu lOg p(YI:t’lelzt’)
vz

e Use iterative refinement



Latent Variable Models and Iterative Refinement

(x,y) : (input, output) sequence

z . latent variable capturing the output sequence

p(y|x) = Z p(y, z| x) for discrete latent variables z

<

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

ply|x) = [P(y, z| x) dz for continuous latent variables z

2. lterative Refinement in a Hybrid Space (Shu, Lee, Nakayama and Cho, 2020).

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



Latent Variable Models and Iterative Refinement

(x,y) : (input, output) sequence

z . latent variable capturing the output sequence

p(y|x) = Z p(y, z| x) for discrete latent variables z

<

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

ply|x) = [P(y, z| x) dz for continuous latent variables z

2. lterative Refinement in a Hybrid Space (Shu, Lee, Nakayama and Cho, 2020).

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



Discrete Latent Variable Models

We introduce L discrete latent variables z;, ..., z; to capture
the dependencies between the output variables.

Py 1x) =) p(y.21..1%)

{1:L

L+1

= > [1r@lzes0. settingy = 7,

<1:L I=1

Lee, Mansimov and Cho, 2018.



Discrete Latent Variable Models

We introduce L discrete latent variables z;, ..., z; to capture
the dependencies between the output variables.

Py 1x) =) p(y.21..1%)

<1:L
L+1
— Z HPEZZ | z<l]x), settingy = ;.4
{1:L l=1 B

We constrain 7 as discrete latent variables with the same
dimensionality as the target sentence.z € {0, ... .|V, | \

Lee, Mansimov and Cho, 2018.



Approximations to Sidestep the Marginalization

We introduce L discrete latent variables z;, ..., z; to capture
the dependencies between the output variables.

—
PO | x) = Y Ip(y. 21| %)
ﬁ
|

| |L+]

= le_[p(zl | 20, ), setting y = 7.4

{1:L

{1:L l=1

As this marginalization is intractable, we
consider two approximations:

Lee, Mansimov and Cho, 2018.



(1) Deterministic Approximation

py|x) = ZP(% Z1.1. 1 %)

<1:L

L+1

=) | ]r@lzes®

{1:L I=1

L+]
> Hp(fl | 2, %), where Z; = argmax_p(z| 2, x) |
=1 .

Lee, Mansimov and Cho, 2018.



(2) Stochastic Approximation

py|x) = ZP(% Z1.1. 1 %)

<1:L

L+1

=) | ]r@lzes®

{1:L I=1

e R S —————— R —————— S ———————

L+1

~ Hp(z\l | 2<l’ X), Whel’e 2l ~ p(Z | 2<[9 x)
L=t

S ————— e —— e

——

]
|

-

e

This gives an unbiased estimate of the marginal.

Lee, Mansimov and Cho, 2018.



(2) Stochastic Approximation

py|x) = ZP(% Z1.1. 1 %)

<1:L

L+1

=) | ]r@lzes®

{1:L I=1

L+1

~ I Ilp(z\l | 2<l’ x),IWheI’G 2l ~ p(Z | 2<[9 x)

=1
Can be viewed as a denoising autoencoder.
L+1

Hp(y>x< |5}la .X)
[=1

Lee, Mansimov and Cho, 2018.



Denoising Autoencoder

e x € RY% L2 squared loss I( - ), stochastic corruption
function c¢( - ), denoising function d( - )

Zpap = EL I(x, d(c(x))) ]

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

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

Lee, Mansimov and Cho, 2018.



Joint Training Objective

L+1

Tom(®) = = ) log pylZ;1 2, %)
[=1

L+1

Jpae(0) = — Z log pp(y* | 3, x)
=1

JO) =, T, @) + (1 = a) - T, (0)

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

Lee, Mansimov and Cho, 2018.



Deterministic Inference

1. T = argmax..log p(T| X) : predict the target length

Vo

2.7, = argmax, log p(y? | x) : predict the first latent variables
3.1 = argmax, log p(y!| Y, x) : refine the latent variables

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

Lee, Mansimov and Cho, 2018.



Network Architecture
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Network Architecture

Loss (target length)
A

( Softlmax )

" stop gradient
1

R

Loss

4
( Softlmax )
C

Linear

argmax

K Feedforward \

@
N

oSS

argmax

( Feedfcl)rward ;‘7 »( Src At’ltention )
( Self Attention ) ( Pos Attention )4—
|
K jx N {Self Attention)j
et ©— ®—
( Source )— ----- bbb -»( Source )
Encoder Decoder 1

xNE

: -= >( Prev Output )4—-

nN)—>

‘1

Decoder 2

.

' x K

( Pos Atltention )4— @ I

K(Self At!tentionyx N :

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

Lee, Mansimov and Cho, 2018.



Network Architecture

‘ >@
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A f argmax T argmax

( Softlmax ) ( Softmax )—--e-m -b-eq; ( Softmax }H-e-nlb-e (-j-:
i stop gradient ( Linlear >. ..... C.i.) ( Linlear } .- @

r | \ K Feedfcl)rvvard \ r( Feedforward ?\

e

~ ' ' | :
Feedforward - »( Src Attention : Src Attention !
( : J ( I ! ) : ‘T ' I I ) X K
( Self Attention ) ( Pos Attention )4— @ ( Pos Attention ) @
| ' | "
K jx N {Self Attentionyx N ' K(Self Attention ) <N '
eoing V= y— i ) — |
( Source )— ----- bbb -»( Source ) be--- >( Prev Output ) ----- ’
Encoder Decoder 1 Decoder 2 —

* Refine K (=4) times during training, potentially use > K steps during inference.
* Adaptive decoding : refine until output converges
Lee, Mansimov and Cho, 2018.



Network Architecture
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Non-autoregressive NMT on WMT'14 En-De

BLEU (%) Gap Speed

Baseline 23.4

(Gu et al., 2018)
Gu's Model (NAT+NPDS=100) 191 43 _ 23x
Baseline 24 .5

Lee et al., 2018

( ) Lee's Model (Adaptive NAR) 21.5 -3.0 1.9x
Kaiser's baseline 23.5

(Kaiseretal, 2018) . iser's Model (LT, Improved semhash) 19.8 -3.7 3.8X



Latency vs. Sequence Length Refinement Steps vs.
Performance

A AR (b=1)
A AR (b=4) 26 1
A Non-AR (2 iters)
__ 104 A Non-AR (5 iters) >4 |
Y A Non-AR (10 iters)
é A Non-AR (20 iters)
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& |
(]
v
\; a 20_
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7} 2 A
e
© 18 1
S
3 A
8 107" 1 16 A
g |
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| 14 -
*ﬁ—ft—‘-*ﬁ*‘ﬁf ——A —— EN-DE (stochastic)
| - = EN-DE (deterministic)
0 > 4 6 8 10 12 14 2700 0.5 1.0 1.5 2.0
sentence lengths (token) log(hnumber of refinement steps)

Lee, Mansimov and Cho, 2018.



Qualitative Results : IWSLT’ 16 De -> En

Src seitdem habe ich sieben Hauser in der Nachbarschaft mit den Lichtern versorgt und sie funktionierenen wirklich gut .
Iter 1 and I ’ve been seven homes since in neighborhood with the lights and they ’re really functional .

Iter 2 and I ’ve been seven homes in the neighborhood with the lights , and they ’re a really functional .

Iter 4 and I ’ve been seven homes in neighborhood with the lights , and they ’re a really functional .

Iter 8 and I ’ve been providing seven homes in the neighborhood with the lights and they ’re a really functional .

Iter 20 and I ’ve been providing seven homes in the neighborhood with the lights , and they ’re a very good functional .
Ref since now , I ’ve set up seven homes around my community , and they ’re really working .

— — — — — e —

[Sre er sah sehr gliicklich aus , was damals ziemlich ungewohnlich war , da ihn die Nachrichten meistens deprimierten.jﬁ
Iter 1 he looked very happy , which was pretty unusual the , because the news was were usually depressing .

Iter 2 he looked very happy , which was pretty unusual at the , because the news was s depressing .
iJIter 4  he looked very happy , which was pretty unusual at the , because news was mostly depressing .

Iter 8 he looked very happy , which was pretty unusual at the time because the news was mostly depressing .
Iter 20 he looked very happy , which was pretty unusual at the time , because the news was mostly depressing .

Ref  there was a big smile on his face which was unusual then , because the news mostly depressed him .

Src furchtlos zu sein heif3t fiir mich , heute ehrlich zu sein .
Iter 1 tobe, for me, to be honest today .
Iter 2 to be fearless , me , is to be honest today .

Table 4: Three sample De—En translations from
the non-autoregressive sequence model. Source sen-

Iter 4 to be fearless for me , is to be honest today . tences are from the dev set of IWSLT’16. The first
Iter 8 to be fearless for me , me to be honest today . iteration corresponds to Decoder 1, and from thereon,
Iter 20 to be fearless for me , is to be honest today . Decoder 2 is repeatedly applied. Sub-sequences with

Ref  sotoday, for me, being fearless means being honest . chapges across the refinement steps are underlined.

Lee, Mansimov and Cho, 2018.



Qualitative Results: MS COCO

Generated Caption

Generated Caption

rIterll a yellow bus parked on parlzéd:in of parking road . |
Iter 2 a yellow and black on parked in a parking lot .
Iter 3 a yellow and black bus parked in a parking lot .

Iter 4 a yellow and black bus parked in a parking lot . |

Reference Captions

Iter 1 a woman standing on playing tennis on a tennis racquet .
Iter 2 a woman standing on a tennis court a tennis racquet .
Iter 3 a woman standing on a tennis court a a racquet .

Iter 4 a woman standing on a tennis court holding a racquet .

Reference Captions

a tour bus is parked on the curb waiting

city bus parked on side of hotel in the rain .

bus parked under an awning next to brick sidewalk
a bus is parked on the curb in front of a building .
a double decked bus sits parked under an awning

a female tennis player in a black top playing tennis

a woman standing on a tennis court holding a racquet .

a female tennis player preparing to serve the ball .

a woman is holding a tennis racket on a court

a woman getting ready to reach for a tennis ball on the ground

Lee, Mansimov and Cho, 2018.



Latent Variable Models and Iterative Refinement

(x,y) : (input, output) sequence

z . latent variable capturing the output sequence

p(y|x) = Z p(y, z| x) for discrete latent variables z

<

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

ply|x) = [P(y, z| x) dz for continuous latent variables z

2. lterative Refinement in a Hybrid Space (Shu, Lee, Nakayama and Cho, 2020).

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



Continuous Latent Variable Models

log py(y|x) = log [Pe(y, z|x)dz

Shu, Lee, Nakayama and Cho, 2020.



Continuous Latent Variable Models

log py(y|x) = log J'Pe(y, z|x)dz

I "PQ(NZ»X)PH(ZM)
— ()g

q,(z|y,x)dz
Q¢(Z | ya x) »

_Pe(y |2, x) py(z| X) _
Q¢(Z | Vs X)

= log E

ZNC[¢

> [, 1og py(y|z, x) +1og py(z| x) — log g4(z]y, )]

Decoder Prior Approximate Posterior

= E,.4 [logpy(y|2, 0] = KL[gy(z |y, x) | | po(z| )]

= ELBO(x, y, 0, ¢)

Shu, Lee, Nakayama and Cho, 2020.



Continuous Latent Variable Models

log py(y|x) = log J'Pe(y, z|x)dz

vz, x) pg(z]x)
=10g[p9y| Po(z] 4y, 0z

Q¢(Z | Y, x)

_Pe(y |2, x) py(z| X) _
Q¢(Z | Vs X)

= log E

ZNC[¢

> [, 1og py(y|z, x) +1og py(z| x) — log g4(z]y, )]
— [Ezrvq(/)[logp@(y | <s X)] _ KL[qu(Z | Y X) | |p(9(Z | .X)]

= ELBO(x,y,0,¢)  J(x,y,0,¢) = ELBO(x, y, 0, ¢) + log p([, | z)

Shu, Lee, Nakayama and Cho, 2020.



Network Architecture

p(y|z, z,l,) Factorized decoding distribution

Spherical Gaussian prior
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Shu, Lee,

Nakayama and Cho, 2020.



Inference with continuous LVM

Given x, inference is the search problem:

<>
1

argmax p(yv,z|x)dz

vz
Spherical Gaussian Prior

argmax, p(y |z, x)E?(Z IXJdZ

<

Eélargmaxy p(y| u, xZ]where p is the mean of the prior

Simply decoding from the mean of the Gaussian prior
may not lead to the most likely output sequence y

Shu, Lee, Nakayama and Cho, 2020.



Inference with continuous LVM

Latent variables correspond to good translations

/

e .
7% Z
O argmax ~
° » oYX, Z) » Y
\ mean of prior |/
Z>I<
O

Gaussian prior p(z|x)

latent space

Shu, Lee, Nakayama and Cho, 2020.



lterative Inference with a Delta Posterior

Given x, inference is the search problem:

y = argmax ELBO(x, y, 0, ¢)

= argmaxlog Po(y 1z, x) + log py(z| x) — log q,(z |y, x)]

The expectation over z makes solving this intractable.

Shu, Lee, Nakayama and Cho, 2020.



Given x, inference is the search problem:

y = argmax ELBO(x, y, 0, ¢)

ozlpu)=1ifz=u

By introducing a Dirac delta posterior: — 0 otherwise

ELBO(x, y,0,¢) = E,_, [log py(y |2, ) + log py(z| x) —|log g4(z |y, X)ﬂ

= |10g Poy | p, x) + 1og pg(p | x) l

=0
We perform approximate maximization of this proxy lowerbound,
using a iterative procedure reminiscent to the EM algorithm.

Shu, Lee, Nakayama and Cho, 2020.



lterative Inference with a Delta Posterior

We can approximately maximizellog:zag (v|p,x) +1log py (1| x)j with an EM-like
procedure : we call this Delta Inference

1. Initialization : z := E,__, ,|,y[z] (mean of the prior)
2. First output : y, = argmaxyp(y | 29, X)

3. Repeat until done:

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

/fii = argminﬂ KL [5(2 | ,M) “ Q¢(Z | 571'_1, X)] — [Ez~q¢(zly,x) [Z] Continuous

optimization

2. M-Step: maximize the lowerbound w.rit y:

y; = argmax_p(y | fi;, x) Discrete
Y search

Shu, Lee, Nakayama and Cho, 2020.



ELBO

Delta inference gives higher BLEU and ELBO

-324 W/ —— Ja-En (ELBO) ——- Ja-En (BLEU)

~34 - *

/ -7%- En-De (ELBO) =% - En-De (BLEU)

initial 1 2 3 4
iterative step

e Both ELBO and BLEU improve with
more refinement steps

5

25.2

= m
m 0 E
m
Iﬁ)D
O o ©
© o
OO
m w/ determinstic inference
o O w/o determinstic inference
15x 10x 8x 6Xx 5x 4x

speedup

Quality vs. Speed tradeoff.

lterative inference improves
translation quality in all settings.

Shu, Lee, Nakayama and Cho, 2020.



Non-autoregressive NMT on WMT'14 En-De

BLEU (%) Gap Speed

Baseline 23.4

(Gu et al., 2018)
Gu's Model (NAT + NPD S=100) 19 1 43 2 3y
Baseline 24.5

Lee et al., 2018

( ) Lee's Model (Adaptive NAR) 21.5 -3.0 1.9x%
Kaiser's baseline 23.5

(Kaiser et al., 2018) Kaiser's Model (LT, Improved semhash) 19.8 3.7 3 .8x

(Roy et al., 2018) Roy's baseline 28.1
Roy's Model (VQVAE + EM + distillation) 20.7 -1.4 4 1x
Baseline 27.8

(Ghaz et al., 2019) Ghaz's Model (CMLM with 4 iterations) 26.0 -1.8
Ghaz's Model (CMLM with 10 iterations) 26.9 -0.9 2~3X
Baseline 28.3

(Shu et al., 2020)

LANMT + Delta Inference 20.1

e R— s — e ——

-2.2 6.3X

e

e ————
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Latent Variable Models and Iterative Refinement

(x,y) : (input, output) sequence

z . latent variable capturing the output sequence

p(y|x) = Z p(y, z| x) for discrete latent variables z

<

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

ply|x) = [P(y, z| x) dz for continuous latent variables z

2. lterative Refinement in a Hybrid Space (Shu, Lee, Nakayama and Cho, 2020).

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



Latent Variable Models and Iterative Refinement

(x,y) : (input, output) sequence

z . latent variable capturing the output sequence

p(y|x) = Z p(y, z| x) for discrete latent variables z

<

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

ply|x) = [P(y, z| x) dz for continuous latent variables z

2. lterative Refinement in a Hybrid Space (Shu, Lee, Nakayama and Cho, 2020).

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



Motivation

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

Discrete
search

y; = argmax p(y|p;, x)

——

e [f iterative refinement was performed in a continuous space
only, we'd see big gains in speed.

Lee, Shu and Cho, 2020.



Faster Inference with Energy/Score Model

e \We can imagine an energy-based

model that assigns low energies to low energy £(z)

local optimas of log-likelihood / l
. o
e |f we can train such an energy-based -
model E(z), then we can cast a e
discrete combinatorial search 20

problem into a continuous
optimization problem.

1 =% — -V E(2)

Lee, Shu and Cho, 2020.



Obijective for Inference Network

Given a latent variable model py(y, z| x) (trained, fixed):

Let 7, (z; x) be a function that approximates the quality
of any latent variable z w.r.t the source sentence x.

o Tp(z;x) :=logpy(y|x), y= argmax, pg (v|z,x)
Our goal : Find a function E (z; x) where

argminZEw(z; X) & argmaxz(re(z; X))

Shu, Lee, Nakayama and Cho, 2020.



Learning

79(z:%) 1= log py(§|x),  $ = argmax_py(y|z,x)
argminZEw(z; X) ~ argmaxz(z'@(z; X))
Instead of directly approximating 7z, , we instead train —E, to learn

the difference of 7, between a pair of latent variable
configurations (easier task, this is all we need for inference).

We solve the following for a pair of latent variables z # Z:

1st order
Taylor expansion

Shu, Lee, Nakayama and Cho, 2020.

min,, H ( —E(2) + Ew(z)) — (T(Z) - T(Z)> Hz

~ min, Hszw(z)H2 + 2( (V,E,(2)"- vzr(z)>



Learning

79(2:%) 1= log py(§|x),  § = argmax  p,(y]z,x)
argminZEw(z; X) ~ argmaxz(z'@(z; X))
Instead of directly approximating 7z, , we instead train —E, to learn
the difference of 7, between a pair of latent variable

configurations (easier task, this is all we need for inference).

We solve the following for a pair of latent variables z # Z:
2
min,, H (- E,(2) +E,2) - (12) - 7(2)) H

1st order
> Taylor expansion
2
~ miny || V.E, || +2((V.E,)"

Shu, Lee, Nakayama and Cho, 2020.



Learning

Ve

7y(2;%) :=1logpy(y|x), y =largmax [py(y|z,x)

argminZEw(z; X) ~ argmaxz(fe(z; X))

As 7,(z; x) is not differentiable with respect to z due to the
argmax operationiny, V_74(z; x) is not defined.

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

E. el [HVZEw(z; x)H2 + 2( (V.E,(z:x)" - - z))]

where 7 is the output of applying k steps of delta inference on z

Shu, Lee, Nakayama and Cho, 2020.



Parameterization

E il ” VZEW(Z;X)Hz T 2( ( VZEI//(Z;X))T (2 Z)>]

We either parameterize V E (z;x) as:

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

2. Traina model S (z; x) to directly approximate the

gradients (Score function; Hyvarinen, 2005),
bypassing energy estimation.

Shu, Lee, Nakayama and Cho, 2020.



Gradient-based Inference

Energy-based Inference Score-based Inference
1. Initialize: z = E, 2] 1. Initialize: z = E, 2]
2. Repeat: 2. Repeat:
Backprop
1=z7—« -VZIEW(Z§x) z=2—a - S, (z;%)
3. Output: 3. Output:
y = argmax p(y|z,x) y = argmax p(y |z, x)

Softmax only computed once at the end.
Not on every iteration



Results

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

BLEU Speed BLEU Speed BLEU Speed
Transformer baseline, beam = 3 28.3 1X 31.5 1X 31.5 1X
Transformer baseline, beam = 1 27.5 1.1x 30.9 1.1X 31.1 1.1X
Latent-variable non-autoregressive 25.7 15x 28.4 34X 27.0 19x

e e e e e e s

20.1 6.3X

+ Delta Inference

29.0 19x 28.3 11X

20.1 5.8X

+ Energy Inference

28.8 17X 28.6 9.5x

26.3 10X

+ Score Inference

29.1 24X 28.8 13X

+ Score Inference + Latent Search 27.4 0.2X 30.4 15x 30.2 0.3X

e Score inference gives slightly better results than energy inference

e While being much faster, as it avoids backprop.



Non-autoregressive NMT on WMT'14 En-De

(Gu et al., 2018)

(Lee et al., 2018)

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

(Ghaz et al., 2019)

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

BLEU (%) Gap

Baseline 23.4
Gu's Model (NAT + NPD S=100) 19.1
Baseline 24.5
Lee's Model (Adaptive NAR) 21.5
Kaiser's baseline 23.5
Kaiser's Model (LT, Improved semhash) 19.8
Roy's baseline 28.1

Roy's Model (VQVAE + EM + distillation) 20.7

Baseline 27.8
Ghaz's Model (CMLM with 4 iterations) 26.0
Ghaz's Model (CMLM with 10 iterations) 20.9
Baseline 28.3
LANMT + Delta Inference 20.1

4.3

-3.0

-3.7

1.4

-1.8
-0.9

Speed

2.3X

1.9x

3.8X

41X

2~3X

S

e —

LANMT + Score Inference + Latent Search 27.4

-0.9
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Gradient and latent space visualization

Token 1 Token 2 Token 3 Token 4
Post: _So Post: _what Post: _opened Post: _my
Prior: _So Prior: _what Prior: _opened Prior: _me
Delta: _So Delta: _what Delta: _opened Delta: _me
Score: So Score: what Score: opened Score: _my
L TTETEEISINNNNN L Y N A A S A
g v vzl T 0
I A 4 DGR S NN SN
e TR @ I A B A A A A A A A
::>.' o "‘~‘:: L B A A A
P - "44, »»»»»»»» .’.j::::::
A IS I I ENNNINNININNININAG B NN N
-.4/////f.\\\\\ [ N O U U W U UL N R NI NN *\\\\\!\\\x\\
771 SRR IR AR RETENS SNERHEREERRR 3
NNNN PV Y vy AR
AR R R NN A R R R R NN R R RN
* . prior mean Source | Was offnete mir also die Augen?
. Reference | So what opened my eyes ?
® : scoreinference :
Posterior | So what opened my eyes ?
% : delta inference Prior | So what opened me eyes ?
Delta | So what opened me eyes ?
B: posterior mean Score | So what opened my eyes ?

Shu, Lee, Nakayama and Cho, 2020.



Example 1

Non-trivial, non-local changes

Source
Reference
Original
Refined

There aren ’t many doctors in the west African country ; just one for every 5,000 people
In dem westafrikanischen Land gibt es nicht viele rzte, nur einen fr 5.000 Menschen

Es gibt nicht viele rzte im westafrikanischen Land, nur eine fr 5.000 Menschen.

Im westafrikanischen Land gibt es nicht viele rzte, nur eine fr 5.000 Menschen.

Example 2
Source | Costumes are expected to account for $ 1.2 billion dollars out of the $ 6.9 billion spent , according to the NRF .
Reference | Die Kostme werden etwa 1,2 Milliarden der 6,9 Milliarden ausgegebenen US-Dollar ausmachen, so der NRF.
Original | Es wird von, Kostme, dass sie die dem NRF ausgegebenen 6,9 Milliarden Dollar 1,2 Milliarden Dollar
ausmachen.
Refined | Es wird erwartet, dass die Kostme nach Angaben des NRF 1,2 Milliarden Dollar aus den 6,9 Milliarden Dollar
ausmachen.
Example 3
Source | It was with this piece of Bedouin wisdom that the first ever chairman Wolfgang Henne described the history and
fascination behind the “Helping Hands” society .
Reference | Mit dieser Beduinenweisheit beschrieb der erste Vorsitzende Wolfgang Henne die Geschichte und Faszination des
Vereins “Helfende Hnde”.
Original | Der erste Vorsitzende Wolfgang Henne beschrieb mit dieser erste Weisheit in Bedouin” die Geschichte und
Faszination hinter der “Helenden Hands” Gesellschaft
Refined | Mit diesem Stck Bedouin-Weisheit beschrieb der erste Vorsitzende Wolfgang Henne jemals die Geschichte und

Faszination hinter der “Heling Hands™ Gesellschaft

Shu, Lee, Nakayama and Cho, 2020.



Inference Latency (lower = better)

w.rt Length and Computational Capacity
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ls speed the only reason for going non-auto?

e Autoregressive models suffer from:

e Exposure bias (due to teacher forcing)

e Pathological degenerate generations (infinite
repetitions)

response = openai.Completion.create(engine="davinci", prompt="roses are red, elephants are gray,
print(response['"choices"][0] ["text"])

gray, and so on.

The

rbs.

The

The

The

color of an object

color of an object
color of an object

color of an object

is

is

is

is

determined by the wavelength of light that it reflects. The color of &

not determined by the wavelength of light that it emits.
not determined by the wavelength of light that it transmits.

determined by the wavelength of light that it reflects.

Degenerate GPT-3 generations found by Cho



Collaborators

Kyunghyun Raphael



Thank you. Questions?

jasonleeinf.github.io



