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More Conditional Sequence Generation

E:> A woman is throwing a frisbee in a park.

Image Caption Generation

Hello, World! ﬁ> {RoF, HFR !

Machine Translation




Autoregressive model (inference stage) »oi - [ Joo:isn
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Hello , world ! <s>



Non-autoregressive model (mostly by Transformer)
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Transformer Encoder } ------- Transformer Decoder
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(predict output length & feed position embedding)



What's the problem?

Output would be average of images

30%

model learned

a dog is running
a bird is flying m

Text-to-lmage

* Traditional supervised approach

cl: a dog is running * NN » Image <—>ﬂ

as close as

possible

Text: “train”

Target of
NN output B

A blurry image!



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?

Each neural in output layer
corresponds to a pixel.
Layer L-1 Layer L
No dependency on . — . empty
output structure gﬁ%’:{ﬂ( d
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Solutions:

No Latent Variable
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GAN

Conditional GAN
c: train »

G
Normal distribution z

‘ Image x = G(c,z)


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? W

Iy 173 !
fR bF !
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50% 50% Transformer Encoder [-------- Transformer Decoder
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generate target /
methods

Image

Text

naive approach

Deconvolution layer + L2 loss

non-autoregressive decoder

iR &3 ’ t 7 !

t t t t t ¢
-------- { Transformer Decoder

t t t f f t

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

autoregressive

autoregressive decoder

N gy R

<s>

Generative
Adversarial
Networks

w/ non-auto model




Vanilla NAT (Non-Autoregressive Translation) °***"'“-***"®

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

fertilities
predictor 2 1 2 1 i o : 1t F
(0~50)
(Softmax) ! T T T T T f T T
Transformer Encoder  |------- > Transformer Decoder
T T T | T | T | T
Hello , world ! Hello Hello

world world


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

Fertility

Fixed targets

1. Labels comes from external aligner

Word alignments are fun

External Aligner: https://github.com/clab/fast align

>

Lustige Wortalignierungen

2. Observing attention weights in auto-regressive models

Fine-tune (after NAT model converges)

1. Updating fertility classifier with REINFORCE

R o : i F !

! I ! I I !
-------- Transformer Decoder

T T T T T T

Hello Hello , world world

————————

e : H e |

I ! I I f
Transformer Decoder

T T T T I

Hello world  world !



https://github.com/clab/fast_align

Sequence-level knowledge distillation

Knowledge Distillation

Know | e d ge https://arxiv.org/pdf/1503.02531.pdf
Do Deep Nets Really Need to be Deep?
D l Stl | I at | on https://arxiv.org/pdf/1312.6184.pdf
Cross-entropy
Learning target minimization

“17:0.7,77:0.2.“9":0.1 4l ?

Teacher Net Student Net

(Small)

(Large)

Providing the

information that “1”
is similar to “7”



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

e Teacher: Autoregressive model, Student: Non-autoregressive model
e Construct new corpus by autoregressive teacher model
e Teacher's greedy decode output as student’s training target

P i it

fR4¥
50%  50% % 50%

e R 7 e R e
_________ 1 Non-autoreg. Autoreg.
Hello Decoder Hellp --------- Decoder



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)

3 0 2 1

1 2 2 1

2 1 2 1

! I I I
Transformer Encoder

| | | I

Hello world !

Autoregressive Decoder Teacher

I I T I T
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Transformer Decoder
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Hello Hello world world




Autoregressive model w/ teacher forcing

compute probabilities
0.7

0.8 0.5 0.6 0.9
Transformer i hF , H R
T ! I I I
Transformer Encoder  [------- { Transformer Decoder w/ Causal Ma

| T T | T T T T T

Hello , world ! <s> fiR ¥ , 1t




Experiments

Models WMTI14 WMTI16 IWSLT16

En—De De—En En—Ro Ro—En | En—De Latency/Speedup
NAT 735 20.62 26.22 27.83 25.20 39 ms 15.6 x
NAT (+FT) 17.69 21.47 27.29 29.06 2652 39 ms 15.6 x
NAT (+FT + NPD s = 10) 18.66 22.41 29.02 30.76 27.44 79 ms 7.68%
NAT (+FT + NPD s = 100) 19.17 23.20 29.79 31.44 28.16 257 ms 2.36x
Autoregressive (b = 1) 221 26.39 31.35 31.03 28.89 408 ms 1.49%
Autoregressive (b = 4) 23.45 27.02 31.91 31.76 29.70 607 ms 1.00 x
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Ablation

uniform: EHERE, MiEH AEHE Copy inputs

Distillation Decoder Inputs Fine-tuning
b=1 b=4 | +uniform +fertility —+POsAtt | 4/ +Llpp  +Lp. | BLEU  BLEU (T)
v ~

v v 16.51

v v 18.87

v v v 20.72

v v v 21.1.2
v v 24.02 43.91
v v v 25.20 45.41

v v v v v 22.44
v v v v X X
v v v v X %
v v v v v 25.76 46.11
v v v v v v 26.52 47.38
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time: O(1)
Vanilla NAT - one pass 1R 47 , o = I

®
Evolution of NAT S S S R S
Transformer Encoder % ------- + Transformer Decoder
1. Vanilla NAT f f 1 1 ! f f f f t
a. Guetal, ICLR18 HiEllD ’ world : Hello  Hello , world  world !
2. lterative Refinement time: O(1)
a. INAT, Lee etal.,, EMNLP"18 Iterative Refinement - multiple pass ¢ 7 : it = |
b.  Mask-Predict, Ghazvininejad et ' ) ) ) k timFS (<N)
al" EMNLP"19 Transformer Encoder } ------- { Transformer Decoder
3. Insertion-based f f f f f f f ¥ T
a. Insertion Transformer, Stern et Hello : world j Hello  Hello , world U world !
al., ICML19
b. KERMIT, Chan et al., arXiv'19
4. Insert+Delete Insertion-based - partially autoreg. 47 £ time: O(log N)
a. Levenshtein Transformer, Gu et !
aI., NeurlPS19 Transformer Encoder } -------- ﬁ Transformer Decoder
5. CTC-based ] N

. ) Hello , world ! 1R ) i)
a. E2E NAT w/ CTC, Jindrich

Libovick et al., EMNLP'20

b.  NAT w/ Latent Alignments, [] — [D] — [B,D,F] — [A,B,C,D,E,F,G].

Saharia et al., arXiv'20




NAT with Iterative Refinement

X - Y0—> Yl—)YZ—)"'—)YLzy

target length

T

Encoder

Yo
T

______________

!

Decoder 1

Y
|

X copy & extent

!

to target length

XI

Decoder 2

!
-1

, Lee et al.,, EMNLP 2018

Corruption Process

(1) replace y;,, with y,

(2) replace y, with a random token
(3) swap y: and y41.

Stochastically mix cost function
L+1 T )
JO) == (azzlogpe(yi‘lYl_l,X) 4)
=0 t=1

T
+(1— ) Zlogpe(yﬂ?,X)) ;

t=1


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

Results

IWSLT’ 16 En-De WMT’16 En-Ro WMT’ 14 En-De MS COCO
En— De— GPU CPU|En— Ro— GPU CPU|En— De— GPU CPU|BLEU GPU CPU
L b=1 28.64 34.11 703 322]31.93 31.55 55.6 15.7]23.77 28.15 540 15.8] 2347 43 2.1
< p=4 28.98 34.81 63.8 14.6|32.40 32.06 433 7.3|24.57 2847 449 70| 2478 36 1.0
o FT 26.52 - - ~27.29 29.06 — _|17.69 21.47 - - - - =
Z FT+NPD 28.16 . - ~129.79 31.44 - —]19.17 23.30 = e = o= e
igee=1 2220 27.68 573.0 213.2|24.45 2573 6942 98.6|13.91 16.77 511.4 83.3| 20.12 17.1 89
= dee=2 24.82 3023 423.8 110.9|27.10 28.15 332.7 62.8|16.95 20.39 393.6 49.6| 20.88 12.0 5.7
2 dwe=3 2658 31.85 1897 5282886 29.72 1944 2902026 2386 1397 23.1| 2112 62 28
S i =10 27.11 3231 98.8 24.1[29.32 30.19 93.1 148 |21.61 2548 904 12.3| 2124 20 12
o
Adaptive 27.01 3243 1259 29.3]29.66 30.30 1183 16.5]21.54 2543 107.2 203 | 21.12 10.8 4.8




[1904.09324] Mask-Predict: Parallel Decoding
of Conditional Masked Language Models,

MaSk- Predict Ghazvininejad et al., EMNLP 2019
Conditional Masked Language Models (CMLM):

fmoow . R
T T

[ Transformer Encoder } ------- - MaskedLM

| T T |

Hello , world !

R [MASK] , #  [MASK] !


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

[1904.09324] Mask-Predict: Parallel Decoding
of Conditional Masked Language Models,

MaSk- Predict Ghazvininejad et al., EMNLP 2019

t=0
iR 174 , R '
T ! ! ! ! f
length =6
!
[ Transformer Encoder } ------- - MaskedLM
| | | | |
[CLS] Hello , world !

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


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

[1904.09324] Mask-Predict: Parallel Decoding
of Conditional Masked Language Models,

MaSk- Predict Ghazvininejad et al., EMNLP 2019

t=1
R ot : LS ; !
! !
length =6
T
[ Transformer Encoder } ------- > MaskedLM
o I I I
[CLS] Hello , world !
nis linearly decay R [MASK] . [MASK] R I

T is total step you want. ,
mask n tokens with

n = N . % minimum probabilities
fR 0 , , 5 !


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

Mask-Predict

Example: (target length is fixed)
src Der Abzug der franzsischen Kampftruppen wurde am 20. November abgeschlossen .
b= The departure of the French combat completed completed on 20 November .
= The departure of French combat troops was completed on 20 November .
t= The withdrawal of French combat troops was completed on November 20th .




Results

Model Dimensions Iterations WMT’14 WMT’16
(Model/Hidden) EN-DE DE-EN EN-RO RO-EN

NAT w/ Fertility (Gu et al., 2018) 512/512 1 19.17 23.20 29.79 31.44
CTC Loss (Libovicky and Helcl, 2018) 512/4096 1 17.68 19.80 19.93 24.71
Iterative Refinement (Lee et al., 2018) 512/512 1 13.91 16.77 24 .45 25.73
512/512 10 21.61 25.48 29.32 30.19
(Dynamic #Iterations) 512/512 ? 21.54 25.43 29.66 30.30
Small CMLM with Mask-Predict 512/512 1 15.06 19.26 20.12 20.36
512/512 4 24.17 28.55 30.00 30.43
512/512 10 25.51 29.47 31.65 32.27
Base CMLM with Mask-Predict 512/2048 1 18.05 21.83 2752 28.20
512/2048 4 25.94 29.90 32.53 33.23
512/2048 10 27.03 30.53 33.08 33.31
Base Transformer (Vaswani et al., 2017) 512/2048 N 27.30 —_ —_ —_—
Base Transformer (Our Implementation) 512/2048 N 27.74 31.09 34.28 33.99
Base Transformer (+Distillation) 512/2048 N 27.86 31.07 —_ ——
Large Transformer (Vaswani et al., 2017) 1024/4096 N 28.40 —_— —— i
Large Transformer (Our Implementation) 1024/4096 N 28.60 31.71 —_— —_—




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

Insertion Transformer

Partially Autoregressive Model

Transformer Encoder

T T T T

Hello , world !

[bos] 4R , =] ! [eos]

partial hypothesis /


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

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

Insertion Transformer

Partially Autoregressive Model

[ Transformer Encoder Insertion Decoder

| T T |

Hello , world !

[bos] 4R , =] ! [eos]

partial hypothesis /


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

[bos] {R ' [eos]

Insertion Transformer

[end] ¥ [end]] [end]
predict words
Partially Autoregressive Model .....|||‘ .||‘|...| .|.‘|||.. .|...|||‘ .|...|||‘

SRR

Transformer Encoder

T

Hello

T T

world

[bos] 4R , =] ! [eos]

partial hypothesis /



Training Examples

origin: yr y2ys Y4a'ys
shuffled:  y7 yioy2 Ys ys

random sample k:  |y7 yioy2 e ys

k  ~ Uniform(|0, |y|])
select first k words: y2 Y5

get slots to insert: y2 Y5

ye y7
Y8 Yo

Y6 Y7
ye y7

y8 VYo Y10
y4 ys y

Y10

Y10




Training Examples

Transformer Encoder

T T T
X1 X2 X3

T
X4

ys ys

y1 y4 [end] [end] y9 [end]

Insertion Decoder

[bos] Y2 Y5 VY6 Y7 Y10 [eos]

Y2

@
Y5 Y6 Y7 Y10




| — [D] —» [B,D,F| — [A.B,C,D,E,F,G]|

Multiple target words to predict?

A B CDEFGH I J KILMNDNDO
B Uniform Loss O Balanced Binary Tree Loss
Uniform POIicy slot-loss(x, 9,1) = p—— Z log p(yi, L | z,9).
Balanced Binary Tree Policy
. exp(—di(i)/7) d o
= . slot-loss(x, 9,1) —1lo il x,g) - wp(1).
w (7) T exp(—du(d)/7) =) slot-loss(z, 3, ; gp(yi L | ,9) - wi(i)

softmax weighting policy Middle word has priority!!!



Example

Input: But on the other side of the state, that is not the impression many people have of their former governor.
Output: Aber auf der anderen Seite des Staates ist das nicht der Eindruck, den viele von ihrem ehemaligen Gouverneur haben.

Parallel decode (binary tree loss):

Eindruck_
des_ Eindruck_ ehemaligen_
der_ des_ nicht_ Eindruck_ viele_ ehemaligen_ haben_
Aber_ der_ anderen_ des_ ist_ nicht_ der_ Eindruck_ . ~den_ viele_ threm_ ehemaligen_ Gouverneur —haben._ ._

Aber_ auf_ der_ anderen_ Seite_ des_ Staates_ ist_ das_ nicht_ der_ Eindruck_, _ den_ viele_ von_ ihrem_ ehemaligen_ Gouverneur _ haben_ ._

Input: They want to create a post on the college’s equal opportunities committee to ensure that their opinions can be aired freely.

Output: Sie wollen einen Posten im Ausschuss fiir Chancengleichheit des Kollegiums einrichten, um sicherzustellen, dass ihre
Meinungen frei zur Sprache gebracht werden konnen.

Parallel decode (uniform loss):

[

einen. g Mein
wollen_ einen_ des_ e dass_ Mein o
Sie_ wollen_ einen_ Chancengleichheit_ des_ ums_ s sicherzustellen_ .~ dass_ ihre_ Mein ungen_ o
Sie_ wollen_ einen_ fiir_ Chancengleichheit_ des_ egi ums_ einrichten_, _um_ sicherzustellen_, _ dass_ ihre_ Mein ungen_ werden_ -
Sie_ wollen_ einen_ Ausschuss_ fiir_ Chancengleichheit_ des_ Koll egi ums_ einrichten_, _um_ sicherzustellen_, _ dass_ihre_ Mein ungen_ frei_ werden_ konnen_ ._
Sie_ wollen_ einen_ Posten_ Ausschuss_ fiir_ Chancengleichheit_ des_ Koll egi ums_ einrichten_, _ um_ sicherzustellen_, _ dass_ ihre_ Mein ungen_ frei_ gebracht_ werden_ kdnnen. ._
Sie_ wollen_ einen_ Posten_ im_ Ausschuss._ fiir_ Chancengleichheit_ des_ Koll egi ums_ einrichten_, _ um_ sicherzustellen_, _ dass_ ihre_ Mein ungen_ frei_ zur_ gebracht_ werden_ konnen_ ._

Sie_ wollen_ einen_ Posten_ im_ Ausschuss_ fiir_ Chancengleichheit_ des_ Koll egi ums_ einrichten_, _um_ sicherzustellen_, _ dass_ ihre_ Mein ungen_ frei_ zur_ Sprache_ gebracht_ werden_ konnen_ ._



Decode stage

Serial generation:

A, {EI,F/}

1T T
( Softmax
[ T
; Self-Attention
( Self—A‘tFennon ) ( + Cross-Attention
v
( Embedding ) ( Embedding )
ABCDEFG(s B' C' D'(s)’

Parallel generation:

three, friends, ate, together]
three, friends, ate, lunch, together]

N operations

lunch, 3)
(EOS} 5)

t  Canvas Insertion t  Canvas Insertions

0 [] (ate, 0) 0 (] (ate, 0)

1 [ate] (together, 1) 1 [ate] (friends, 0), (together, 1)
2 [ate, together] (friends, 0) 2 [friends, ate, together] (three, 0), (lunch, 2)

3 [friends, ate, together] (three, 0) 3 [three, friends, ate, lunch, together] ((EOS), 5)

4 (

5 1 (

UogQ nJ + 1 operations



Comparison

Model BLEU Iterations
Autoregressive Left-to-Right

Transformer (Vaswani et al., 2017) 27.3 n
Semi-Autoregressive Left-to-Right

SAT (Wang et al., 2018) 24.83 n/6

Blockwise Parallel (Stern et al., 2018)  27.40 ~n/5
Non-Autoregressive

NAT (Gu et al., 2018) 17.69 1

Iterative Refinement (Lee et al., 2018)  21.61 10
Our Approach (Greedy)

Insertion Transformer + Left-to-Right  23.94 n

Insertion Transformer + Binary Tree 27.29 n

Insertion Transformer + Uniform 27.12 n
Our Approach (Parallel)

Insertion Transformer + Binary Tree 27.41 ~ log, n

Insertion Transformer + Uniform 2672 =logyn




, Chan et al., arXiv 2019.

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

4

#

KERMIT: Kontextuell Encoder Represenations
Made by Insertion Transformations

A (B F} {D.E}y A {E.F)
1T il 1T 1T T
( Softmax ) ( Softmax
| T T
( Self-Attention ) Self-Attention ( Self-Attention
+ Cross-Attention
T T T
( Embedding ) ( Embedding ) ( Embedding
ABCDETFQG/(s B' C' D'(s) A B ©C F (8 B¢ D'{s)

(¢) Insertion Transformer (d) KERMIT


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

Advantages Py 1x) 5t

o KERMIT |
P(x) bF M [bos] Hello ,world ! [sep] ff , & ! [eos]
 KERMIT P(x]y) world
osl i 5  feenl o KERMIT
[bos]Hello , ! [sep] R #F , it R ! [eos]
P(y) world P(x, y) world 57
B -  [weRmm| |

[sep] Hello, I [eos] [bos] Hello , ! [sep] & , & ! [eos]



Results

Model < En—De De— En Iterations
Autoregressive
Transformer (Vaswani et al., 2017) X 27.3 n
Transformer (Our Implementation) X 27.8 31.2 n
Non-Autoregressive
NAT (Gu et al., 2018) X 17.7 21.5 1
Iterative Refinement (Lee et al., 2018) X 216 255 10
Blockwise Parallel (Stern et al., 2018) X 27.4 ~n/b
Insertion Transformer (Stern et al., 2019) X 27.4 ~ log, n < 10
KERMIT
Unidirectional (p(y | ) or p(x | y)) X 27.8 30.7 ~ logy,n < 10
Bidirectional (p(y | ) and p(z | y)) v 27.2 27.6 ~ log, n < 10
Joint (p(z,y)) v 25.6 27.4 ~ log, n < 10
+ Marginal Refining (p(x) and p(y)) v 25.8 28.6 ~ log, n < 10
— Unidirectional Finetuning X 28.7 314 ~ log, n < 10
— Bidirectional Finetuning v 28.1 28.6 ~ log,n < 10
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GLUE

Model Generative? CoLA SST-2 MRPC STS-B QQp MNLI-(m/mm) QNLI RTE WNLI AX Score
GPT (Radford et al., 2018) v 454 91.3 82.3/75.7 82.0/80.0 70.3/88.5 82.1/81.4 87.4  56.0 534 298 728
BERT (Devlin et al., 2019) X 60.5 949 89.3/85.4 87.6/86.5 72.1/89.3 86.7/85.9 9270 701 65.1 39.6 80.5

KERMIT v 60.0 942 88.6/84.3 86.6/85.6 71.7/89.0 85.6/85.2 920 684 65.1 37.6  79.8




Model Exact Match  F1
Z h A GPT-2 10.9 16.6
erO'S Ot Oze + Oracle Length 12:2 18.2
~ BERT 12:3 18.9

+ Oracle Length 16.2 23.1
KERMIT 20.9 30.3

Table 4: SQuAD zero-shot cloze ques-
tion answering.

Plymouth has a post-war shopping area in the city centre with
substantial pedestrianisation. At the west end of the zone inside a
grade II listed building is the Pannier Market that was completed in
1959 — pannier meaning "basket" from French, so it translates as
"basket market". In terms of retail floorspace, Plymouth is ranked in
the top five in the South West, and 29th nationally. Plymouth was one
of the first ten British cities to trial the new Business Improvement
District initiative. The Tinside Pool is situated at the foot of the Hoe
and became a grade II listed building in 1998 before being restored to
its 1930s look for £3.4 million. What notable location was named a
grade II listed building in 1998? __ was named a grade II listed
building in 1998 .

Model Answer

GPT-2 — “Plymouth”

+ Oracle Length — “A listed building”
BERT — “plymouth”

+ Oracle Length — *: the pool”
KERMIT — ““the tinside pool”
Correct — “Tinside Pool”



, Chan et al., Perception as
Generative Reasoning Workshop @NeurlPS 2019.

Multilingual KERMIT:

It's Not Easy Being Generative oy

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.



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

_____________________________________

Levenshtein Transformer e e e e €0V

Fil-in Tokens 1~ Decoder +token classifier

Gu et al., NeurlPS 2019.

S A O O S O

'<s> [PLH] cat [PLH] [PLH] [PLH] mat </s>
11 [8 [0 € [0,255]

19 7=T=" o e W W
Iglzece:eholders f T }

Transformer Decoder +insert classifier
Encoder
2N R
<s> FHA :I:I_I e '<s> cat mat </s>i
</s> Delete Tokens i_""‘/—“x_"!—““e_i [O, ]_]
5
How to train? Decoder +delete classifier
Imitation Learning TT T T ) T

' <s> cat sit mat </s>|


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

yd l sentences that need to
(& delete words
/
N
* sentences that need to
yzns insert words
/

&his isapen. J /\

ydel => <s>Thisisis a pen . </s>
y’[:ns => <s>This pen . </s> [i

I/

7.‘.*

~

Levenshtein [

Distance
Algorithm

)

N
. => <s> This [PLH] [PLH] pen . </s>
yzns P

=>00100000 deleteclassifier

—> 0200 /? insert classifier

=>--jSg--- token classifier




Examples

@

_The __too __high __rotation __speed __produces
__the __reverse __deformation .

—> _ULH\L, BEGERENARETER L, FAEOERHELS.

(iteration 1) nothing to delete >>

insert >> [_EEEElTEL% EIEIERINEC B ]
T delete>> [ IEsEkEEl v 13 cRIERINEC 3], 1
(eration 2 insert >> [ IEsElEE AT &5 T, TEIERINEC L, ]
(|terat|on 3)  rotbgtdeemesr $@000 | _IE&ELEEATS €13 ], BEIERINEL3L. 1

insert >> [_EEIEENSITEL3 L, EIERIDELBI. ]
nothing to delete, nothing to insert >> [Terminate]

—Some __possible __structures _and __circuits
_—were __proposed __and __verified .

> _W<KDOHODFRERBIE L MR ZEIRE URGE LT,

(iteration 1) nothing to delete >>

insert>> L Iegn s EBIEEI R UL, TRELEL, ]
o rarmsy [ esn e Esmal e% UL, TREUrL ]
(teration:2) insert >> LI\ < > holEenlins s [mrlzes Ul TEuEL ]

nothing to delete, nothing to insert >> [Terminate]




Results

: Transformer Levenshtein Transformer
Dataset Metric
greedy beam4 oracle teacher
Ro-En BLEU 31.67 32.30 33.02 —
En-De BLEU 26.02 26.56 24.43 26.67
Quality 1 En-Ja BLEU 42.86 43.68 42.36 43.17
ROUGE-1 3491 35.19 3957 36.08
Gigaword ROUGE-2 17.05 17.58 17:11 18.33
ROUGE-L 32.66 32.98 33:55 33.81
Ro-En Latency (ms) /Ipgc  326/27.1 349/27.1 97/2.19 —
Sieadl.] En-De Latency (ms) /Ipgc  343/28.1 369/28.1 126/2.88 92/2.05
En-Ja Latency (ms) /Ipgc  261/22.6 306/22.6 112/2.61 106 /1.97
Gigaword Latency (ms) /Ipgc  116/10.1 149/ 10.1 98/2.32 84/1.73

Table 1: Generation quality (BLEU 1, ROUGE-1/2/L 1) and latency (ms | ) as well as the average
number of decoder iterations (/pgc) on the standard test sets for LevT and the autoregressive baseline
(with both greedy and beam-search outputs). We show the results of LevT trained from both oracle

and the autoregressive teacher model.
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Connectionist Temporal Classification : Labelling
Unsegmented Sequence Data with Recurrent
CTC Neural Networks, Graves et al., ICML 2006

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

_IR_ W _ B _
shortcoming: -
1. Falls behind LAS
2. Can't be refined [ Encoder ]

= 0000000000000


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

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

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

IR MWW _BEE_E
shortcoming: -
1. Falls behind LAS
2. Can't be refined [ Encoder ]

= 0000000000000
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, Chan et al., arXiv 2020

Imputer (cTc+Mask-Predict)

t=0

— v v AR vy oy BF o o B v v

o

( cncoter |
g DN UEU Juuud

partial
centence M1 IMI[MIIM][M] [M][M][M] [M][M] [M] [M] [M]



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

, Chan et al., arXiv 2020

Imputer (cTc+Mask-Predict)

t=1

___ RR_¥F Bm__
=

[ ot )
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partial
sentence M1 M1 4R tm1 M3 115‘ (M1 M1 A% M1 M



http://arxiv.org/abs/2002.08926
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, Chan et al., arXiv 2020

Block Decoding

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

— vr a7 v v fom v g 2 pvigfovag

In

[ En¢oder ]

P

pecnienres DO NI 0 UEU J(u U o

partial
centence  MIMI [M]{[M] [M] [M]H[IVI] [M] [M]|[M] [M] [M]{[M]



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

Example

b | Alignment
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Table 1. Wall Street Journal Character Error Rate (CER) and

Word Error Rate (WER).
Results Model CER WER Iterations

seq2seq
Bahdanau et al. (2016a) 6.4 18.6 n
Bahdanau et al. (2016b) 59 18.0 n
Chorowski & Jaitly (2017) - 10.6 n
Zhang et al. (2017) - 10.5 n
Chan et al. (2017) - 9.6 n
Kim et al. (2017) 7.4 - n
Serdyuk et al. (2018) 6.2 - n
Tjandra et al. (2018) 6.1 - n
Sabour et al. (2019) 3.1 9.3 n

CTC
Graves & Jaitly (2014) 8.4 273 ]
Liu et al. (2017) - 16.7 1
CTC (Our Work) 5.6 15.2 1

Imputer (IM) 6.2 16.5 8

Imputer (DP) 4.9 12.7 8




Applying CTC/Imputer on text generation

Input token embeddings New Al ¢ Posteri
ew 1gnment rosterior
AN po(alz,a)
Encoder T

b ( Softmax
1

N A AN B A AN A R ( Self-Attention
A R T

papageguoangoRn -

Decoder ( Upsample ]
T ( Embedding J
( Embedding ) ~

S O A A T " "T “J 'S PR /O PO A I £
WL WaW3 J Wy & WsWe & & & WrWg J W9 &

Output tokens / null symbols

T

a: Prior Alignment
x: Source Sequence

(contains masked out tokens)

, Libovicky et al., EMNLP 2018
, 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

WMT’14 WMT’16
Method Iterations En—De De—En En—Ro Ro—En

Non-Autoregressive
Iterative Refinement (Lee et al., 2018)
NAT with Fertility (Gu et al., 2018)
6 i &) (Libovicky and Helcl, 2018)

1 13.9 16.7 24.5 25:7
1 17.7 21.5 27.3 29.1
1 17.7 19.8 19.9 24.7
Mask-Predict (Ghazvininejad et al., 2019) 1 18.0 19.3 273 28.2
SMART (Ghazvininejad et al., 2020b) 1 18.6 23.8 - -
Auxiliary Regularization (Wang et al., 2019) 1 20.7 24.8 - -
Bag-of-ngrams Loss (Shao et al., 2020) 1 20.9 24.6 28.3 29.3
Hint-based Training (Li et al., 2019) 1 211 25.2 -
FlowSeq (Ma et al., 2019) 1 21.5 26.2 29.3 30.4
Bigram CRF (Sun et al., 2019) 1 234 20.2 -
1 23.5 27.9 30.8 215

AXE CMLM (Ghazvininejad et al., 2020a)
Our Work
CTCt 1 25.7 28.1 32.2 31.6

Imputer 1 25.8 28.4 32.3 31.7




RESUItS compared with multiple refine steps models

WMT’14 WMT’16
Method Iterations En—De De—En En—Ro Ro—En
Autoregressive
Base Transformer? n 27.8 31.2 34.3 34.0
Non-Autoregressive
Insertion Transformer (Stern et al., 2019) ~ logan 274 - - -
KERMIT (Chan et al., 2019b) ~ logyn 27.8 30,7 - -
Iterative Refinement (Lee et al., 2018) 10 21.6 255 29.3 30.2
Mask-Predict (Ghazvininejad et al., 2019) 4 25.9 29.9 32.3 33.2
10 27.0 30.5 33.1 33.3
SMART (Ghazvininejad et al., 2020b) 4 27.0 30.9 - -
10 27.7 31.3 - -
Our Work
Imputer 2 27.5 30.2 33.7 334
4 28.0 31.0 34.3 34.0

8 28.2 31.3 34.4 34.1




Knowledge Distillation in NAT

Es Es Es

De#l"-" . Fr De n@-’?s e Fr De &2 v o0 .
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,Gu etal., ICLR 2020
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Figure 4: The performance of NAT models of varying capacity trained on both the real and the
distilled data from tiny, small, base and big AT models.
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