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Non-Autoregressive Sequence Generation

(Part I: Introduction)
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Neural Sequence Generation

AMany realworld applications can be seen ssquence generatioh
A We can transform any structured data into sequence
A For instance, speech as wave sequence; images can be flattened into pixel sequences, etc.
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Autoregressive (AR) Sequence Generation

AGenerate sequence token by token in an autoregressive way

A B C D E EOS
| 1 1 [ | |

Decoder

AFactorize the joint probability in a chain rule
p(x) = || p(=ilz1, 22, ..., 2i1) = | | p(wi]x<i)
1=1 1=1

AHas been poplar in many sequence generation tasks (NLP, speech, CV)
A Can be implemented with RNN/CNN/Transformer
A Can be unconditional (a single decoder) or conditional (eneddeoder)
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Popular models in AR: Transformer & LLM

ATransformer (2017)

A Unleashthe modeling power by removing the inductive
bias in RNN and CNN

through QK\attention

AGPT1/2/3

A Largescale pretraining models using autoregressive
Transformer

N Meta

Attention(Q), K, V) = softmax(

A Has become the model backbone for NLP, Speech and CV
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Transformer & LLM

AZeroshot / Oneshot incontext learning with LLM

Zero-shot One-shot

The model predicts the answer given only a natural language
description of the task. No gradient updates are performed.

Translate English to French:

Translate English to French: task description S L O R

cheese => prompt cheese =>

AMulti-modal generation (DALLE

TEXT PROMPT

an illustration of a baby daikon radish in a tutu walking a dog

AI-GENERATED IMAGES

QOMeta F% Microsoft o ry

In addition to the task description, the model sees a single
example of the task. No gradient updates are performed.

task description
example

prompt



Then, why do we want to explore other alternatives

Why do we care?

A Text generation models are mostly autoregressive
A Each step needs a forward pass of deep Transformer layers.

generacion
A

Transformer Encoder >{ Transformer Decoder

efficient language generation | <s>

(a possible illustration)

QOMeta g8 Microsoft



AR model is slow

& Inferencetime linearly grows with sequence length

Inference Time

100 200 300 400 500 600 700 800 900

A& Time consuming in redlme scenarios, especially for long text/speech/image sequer
A Text: 10~100
A Speech: 500 for spectrogram or 80K for waveform for a 1s speech
A Image: 65536 (256*256) for pixel and 256 (16*16) for tokens

11

N Meta Microsoft



Harmful biases in AR generation

& EXposure bias
A EXxposure bias: groundduth tokens are taken as input in training (teacHercing), but predicted
tokens are taken as input in inference (fram)
A Error propagation: later tokens will be affected by the accumulated errors in previous tokens

A Label bias
A The normalization constraint over vocabulary items at each decoding step in autoregressive
models poses a harmful inductive bias which leads to leammisgalibrateddistributions over
tokens and sequences

& Orderbias
A Leftto-right generation may not be the best order for generation, or some data prefers no orde

12
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Non-autoregressive Text Generation

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

A We propose the first nomautoregressive translation (NAT) mod&hich
buildson top of Transformer.

Transformer Encoder oo »{ Transformer Decoder

4 A

efficient language generation | <m> <m> <m> <m>

Gu, J., Bradbury, J., Xiong, C., Li, V.O. and Socher, R., 2017. Non-autoregressive

neural machine translation. ICLR 2018 13
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Evaluation protocol

How can we compare the performance between AR and

NAR systems?

A Standard benchmark:

A Machine Translation, WMTIEnA De :|
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- Transformer(base)[13]

Transformer(12-1)[149]
Semi-NAT[17]

- CMLM[18]

RefineNAT[29]
Levenshtein[54]
Imputer[36]
Disco[34]
FT-NAT[16]
FlowSeq[57]
AXE-NAT[70]
Reorder-NAT[61]
Fully-NAT[38]
JM-NAT[55]

A& Quality measure
A BLEU score

A Efficiency measure | H[]][]
A Latency (GPU batch=1, N4 = AignRr
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Why is NAR difficult?

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

Wi akzeptieren das vollkkommen . N
___________________ 7 * A A 4 * Translation
: | i n n N o Predictor
Models BLEU Lt 1t o) | EPEPEBEREs
Predictor [SoftMax] [SoftMax] [SoftMax] [SoftMax] [SoftMax] ‘ 4 MLP || MLP || MLP || MLP || MLP \
Autoregressive Baselines 27.48 S L LT | Decoae
Encoder / A A 4 A 3
Stack MLP || MLP || MLP || MLP || MLP Multi-Head Positional Attention —@
NAT 17.69 N S e . g A N S S S S S [
Multi-Head Self-Attention Multi-Head Self-Attention
NAT with reranking 19.17 N ST A N T I Bt
®_.. Emb][Emb][Ernb][Emb][Eme ———‘—*//vth Emb][ Emb] Emb || Emb || Emb 4—@

We totally accept it . We totally accept accept

Gu, J., Bradbury, J., Xiong, C., Li, V.O. and Socher, R., 2017. Non-autoregressive

neural machine translation. ICLR 2018
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Why is NAR difficult?

Typical errors made by a NAR system: VeenDak
& Repetitive tokens (over generation) D arke schin /
& Shorter or broken sentences (under generatiorT)hankyou > D arke /

A Influent sentence (no/weak language model) D arke D ark *

Fundamental issue: Ve € n schin *

& The independence assumption in the output space
ignoresthe real dependency between target tokens.

Real target

4 Maximumtlikelihood training force to cover all R4l Aa
possible modes modak

QOMeta g% Microsoft
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Why is NAR difficult?

| VeenDark ¢

How AR system solve this problem? D arke schin
Thank you =

» PWVielen) * PDank|Vielen * P(<os>| VielenDank) D arke 4

4 PDankg * Pechon|Danke * P(<os>| Dankeschor) Darke Dark N

Ve & n schin *

AR model explicitly models the dependency in the
target space. Generation is to make choice at each
step and affect the next choice.

PVielen * P(Dank)
PDankg * Pichor)

N Meta Microsoft



How can we improve NAR models to match
AR systems?

Data Preparing

' 2
Pretrained Howcan we further improve NAT"

Diion Model .
— : A Data A reduce the complexity
. or Finetane A Model A increase the capacity
A Loss A resolve uncertainty
Frcode npwt Modeling and Training A LearningA ease the training difficulty

—
: Lo &EE
Variable 23 22 JI 23

Predictor Latent Variables
NAT f_\_
Length Length
Encoder Predictor Embedding
L —_
Encoder Output Module

Xiao, Y., Wu, L., Guo, J., Li, J., Zhang, M., Qin, T. and Liu, T.Y., 2022. A SurvAytoreja@ssive
00 Meta =- Microsoft Generation for Neural Machine Translation and Beyamivpreprint arXiv:2204.09269. 18



Non-Autoregressive Sequence Generation

(Part Il: Methods)



A principled goal
ACKS YIFAY OKI ff Sy 3 failue &f captlring tie Sayg& Bldei A 2 Y

dependency ®

AOverall instructions:

Methods Overall instructions

Model architecture LYLINP DS (GUKS Y2RSt Qa GOdidedtepehdericyi & 2

Objective function Provide learning signal that resolves uncertainty
Training data Reduce the targeside dependency in the training
Learning paradigm Better paradigm to ease the difficulty of learning

Inference techniques  Additional techniques that improve the final performance

QOMeta F% Microsoft 20



Model Architecture

Fully NAR
Models

How to generate
the output?

How to incorporate
latent variables?

e [E]S

Locally AR
models

Iteration-
based NAR
models

Partially NAR

Length
predictors

NAR
models
with Latent
variables

NAR
Sequence
Generation

Intermedia
predictors

SemiAutoregressive

OQOMeta g% Microsoft
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Fully NAR Models

W w 8w

AThe simplest way of generating tokens in parallel.
A Time complexity: O(1)
A Pros:
A Simple to implement
A Fastest decoding
A Easy to incorporate other improvements.

Decoder

[mask][mask$ [mask]

Encoder

A Difficulties:
A Relatively worst performance MW 8w

A CANNOThandle target token dependencies without
other improvements

A Hard to work well on LONG sequences.

OQOMeta g% Microsoft



Example 1: vanilla NAT model

AFollowing the initial work, we can
simply implement such vanilla NAF

removing causal masking in the e Vielen Dank
Transformer decoder. r r
Alnputs to the decoder: oo
A Special mask tokens Encoder Decoder
ASoftO2 Ll 2F Sy O2RSN
embeddings
+ SoftCopy + +
ANave implementation is very bad: Thanks a lot L

A ~10 BLEU on raw dataset.

Gu, J., Bradbury, J., Xiong, C., Li, V.O. and Socher, R., 2017. Non-autoregressive

neural machine translation. ICLR 2018

N Meta Microsoft 23



Fully NAR model + tiny AR layer

& As a special case, fully NAR systems can be significantly improved by adding a
small AR layeh Y G KS 2dziLJzi® LG oAttt KSELI U
dependency without sacrificing too much on latency.

A Itis technically autoregressive, while most of the computation is done in the NAI
part. In this sense, it is very different from typical Transforin@sed models.

A& Tiny AR layer can be:
A N-gram LM
A CRF
A Tiny RNN (e.g.-layer GRU or SRU)

QOMeta g8 Microsoft “



Example 2: NAR + CRF layer

4 By adding the conditional random fields (CRI

N Meta

2y

G2L) 2F

considers the dependency of the neighbors:

P(ylz) =

1
Z(x)

exp (

A Apply lowrank/beam approximation to make
the transition feasible for large vocabulary.

T

> s(yi,x,i) +

1

TE
Zﬂ.yi—l- Yi. T, 1)
i=2

Decoding is sequential but much faster than
typical AR models.

Microsoft
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Partially NAR models

Ww ww 8

AAR at sequence level, outpuoiultiple tokens in parallel
A In the middle between AR and fully NAR models
A Time complexity: O(N/K) (K is the segment length)

Decodr

<S>SKSS>SWW 8

A Pros:

A Produce better performance

A If tuning properly, it can achieve the same performance as AF Encoder
A Difficulties: W 8w

A Globally still AR, it did not change the linear complexity
A Speedup is small

OQOMeta g% Microsoft



Example 3:4gram decoding

ADecode multiple tokens in parallel (usualkgram), _
and then the overall sentence is still autoregressive T

ya _' ‘t'_r, =::.|'5:r
A A
[(r=1)/K]+1 \ \DEW\NE’[WX\J“ \

Py ulx) = [ GGy G x) | x‘ VN
f—1 5 .1,‘5
ARelaxed causal mask: a blegise attention which u o e
Iy A *
can make max use of the decoded contexts. \ \ s
100 000 [1 1000 0 D c,der
1 1 0 0 0O 0 1 1 O 0 0O 0
1 1 1 0 0 0 1 1 1 1 0O 10
1 1 1 1 0O 10 1 1 1 1 0 1 Vi
1 1 1 1 1 0 1 1 1 1 1 1 '
1 1111 1] (11111 1]
[ @ 21 y3aAs Wb %KI yatbregregsive neutal / KSy S @ {
QO Meta g8 Microsoft Y OKAYS GNYyatlaGA2y@8 AY 9abf/t> Hn



Example 4: Bloekise decoding

AA dynamic approach compared to Due to the use of AR
I =S VAR SR Y WeY  icacher for verification, the

Y2RSf Qa LISNF 2N

AThe model has three stages: guaranteed not worse than powne
A Prediction each step the NAR mg AR models, while achieving

predict an ngram block. 3x-4x speeaup! M e

A Verification: compare the pre¢ .
b!w Y2RStZ2Z |YyR U0KS
prediction in aeacher forcingnatter.

A Acceptthe sequence with longest match
and move to predict next block.

Stern, M. ShazeerN. andUszkoreit J., 2018Blockwiseparallel decoding for deep
N Meta =. Microsoft autoregressive models. Advances in Neural Information Processing Systems, 31.



Locally AR models

ANAR at sequence level, output each segment in AR
A In the middle between AR and fully NAR models
A Time complexity: ~O(K) (K is the segment length)

Decoder

A Also have similarities to NAR + tiny AR layer. [mask] [mask]
A Pros:
A Produce better performance Encoder

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

A Faster generation compared to previous type Www dw

A Difficulties:

A Needcomplex algorithmto merge the output or resolve
conflicts between each position.

QOMeta F% Microsoft 29



Example 5: Neural Phrabased Translation

. Output sequence you really want to make
APretransformer era work, still based on RNN 1 ;
— ] ‘
: il : ' . isie wirklich wollen treffen
ASimilar totraditional statical machine e | \ o
translation, model is learned to translate odemeitos i\ S P |
phrase independently with local RNNs. refen
AMerging phrases need to run dynamic : :
programming (DP) which limits its applicatior
to high-resource domains. i
I Soft reordering + Bi-directional RNN l
t t 1 t i 0

Huang, P.S., Wang, C., Huang, S., Zhou, D. and Deng, L., 2018, February. Towards Neural P

N Meta based Machine Translation. Imternational Conference on Learning Representations.
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Example 6: Local autoregressive translation (LAT)

A Similar toNPMT, this paper also learned to B . T i
predict local sequence with a small RNN D S o

= [ e eeemenenennas

Ioca”y_ C E Ill;e blrfds <ec1>s> .
O ~ pos2 > RN > RNN > ( RNN

D ; t t to

E e P LA e - birds__

T

ANo DP needed, but a heuristic merging b = |
operation basedn longestcommonstring R s A
between two positions. T

sl s2
going to study here  will study in the

Les: T~

ADifferent from NAR #iny RNNjt is still i o] iy | e

constant time. Because of the local AR, it _— QW” Sty inthe,

can mostly remove artifacts like repetition. Conlies S going to studyw‘)
X.Kong, Z. Zhang, andHBvigz.  a LYy O2 NLI2 N} G Ay 3 | £ 2 Ol-dutoréghedsiyes € I

0Q Meta Microsoft GNYyatlriAz2ysé Aycd®@ab[tZ HAHNE LILIP mMncT



Iteration-based Models

A Generate/refine the sequence iteratively. Foraach

iteration, the sequence output in based ¢ I
Due to time limits, we only

A Time complexity: O(K) @(ogN) (dependir mtmdu?e S0me CIaSSI.Cal
methods to use) models in this categories.
A Pros: We refer the readers to t
Tizgm reading list for more and
" recent approaches!

A General and simple to implement.
extension of fully NAR models.

A Best performance so far for N/ S

A Difficulties:
A Tradeoff between quality and latency.
A ThespeedizLd F R yial 3S OKIFffSYyaSR G5SSL) SYyO2RSN

N7

aKlff2g SO2RSNE D

Kasai, J., Pappas, N., Peng, H., Cross, J. and Smith, N.A., 2020. Deep encoder, shallow o

| .
(QOMeta gg Microsoft Reevaluating nomutoregressive machine translaticarXivpreprint arXiv:2006.103609.



Example 7: MasRredict

AFollowing similar training tasks of BERT

(masked language model), we can direct r—*? Vielen

use the mask prediction model for iterati R |

generation. reenion .
Encoder “—| Decoder

n A

Thanks a lot <mask>Dank

ABERT training 15%, while CMLM is train
by randomly masking 0~100% tokens.

Devlin, J., Chang, M.W., Lee, K. and Toutanova, K., 2018. Beraiftng of deep bidirectional transformers
for language understandingrXivpreprint arXiv:1810.04805.

M. GhazvininejadO. Levy, Y. Liu, andZettlemoyeE Maskpredict Parallel decoding of conditiggal masked

N Meta Microsoft Y A
' £} y3dd 38 Y2 REENARE 2019App. 6BEAM [ t



AThe BERStyle training did not tell

us how should we inference in the = 22-z27d
testing time. Only keep the most confident
A As it is just forcing the model to

| tokens in early iterations, and
rperrendallfrtihhge masked tokens from the gradually expand the number

of words kepit.

A Skeptical decoding an annealing _
based method was used for CMLM has a strong connection

) . \ : ) |

iterative translation to diffusionbased models!
A Set the target iteration T. ‘
O

a
A Start with all masks: 3 ° o am
. . 1.5x A L ] —

A For each iteration t, make the . 'o. s -

prediction, and then mask {&T) * N o] b=1 o Sk

tokens with lowest scores. i 255 260 265 20 25 280

Performance (BLEU)
M. GhazvininejadO. Levy, Y. Liu, andZettlemoyeE Maskpredict Parallel decoding of conditional masked
OQOMeta g% Microsoft
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Example 8: Insertion Transformer

Parallel generation:

AThere is not only one way to perform _
Canvas Insertions

. . . t
iterative generation. Sentence can also be
L] (ate, 0)

composed by insertion! l [ate] (friends, 0), (together, 1)
2 [friends, ate, together] (three. 0), (lunch, 2)
3 [three, friends, ate, lunch, together] ({(EOS),5)

AMaskPredict is constrained to know
(predict) the length before generation, while ~ three @ lunch @
with insertion, it is possible to generate 4 b A

sequences Iin any lengths during iteratio :
. y J J Insertion Transfarmer Decoder

A Generation terminates if all positions are _
not insertable. The complexity is logarithm. <5~ Mends ate together </s>

M. Stern, W. Chan, Kiros and JUszkorelE  a Ly & SNI A 2y G NJ
ASYSNYGA2Y GAlF AYASNIAzZ2Y 2LJ&5935%6A2

N Meta Microsoft




Example 9: Levenshtein Transforne)

AWith one step furtherLevT S

combines insertion & deletion, | e= (&xne) = a s o the
which means the model can
freely edit over the generation, S -- -- -

change the length and |

Transformer Block_L

l \

' l [ [ oo
terminate the iteration in a = i s
dynamic way. ( —_— ) I
i( Transformer Block_1 ji <s> cat mat </s>
N B T S S A R Delete Tokens e
AFor each iteration, it contains Eljj:“‘""“afs”f”"f’”'hf*”“fHEfG' THTTH
three forward passes: emosares (1] (2 (o] [+ ][] (] i
A Parallel deletion
A Parallel insertion (predict # of
masks, mask prediction) W Ddzz /@ 21 y3aA3S | YR WO N&KPSHOL 320 [ S
QO Meta g8 Microsoft pp. 11 18%11 191, 2019 37



A LevTis trained throughmitation learning,
with a dual policy{simplifieversion):

ES

/ *

A Learning to insert tokens by predicting Y
random deletion;

A Learning to delete tokens by fixing errors 49

=’y ********** > Learn to Insert <«---------- y

7TO  Apply Insertion
l-—a

74 *

made by insertion,;

& The expert action are automatically
generated based on Levenshtein distance
with groundtruth.

Wd Ddzx [/ o

181¢11 191, 2019

N Meta Microsoft

o =’y --------- » Learn to Delete <--------- y

Figure 2: The data-flow of learning.

2| y33

' YR WO NeKPSOL 324dp. 39Sy
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Anexampleof iterative refinement usind.evT

(a)

;

_The _t

o

__the __reverse _deformation .

00 _hig.h __rotation -_rspee”d _producésr

— _UHUL, BEImEENKRETER L, FATOERHIEL S,

(iteration 1) nothing to delete >>

insert >>

delete >>

insert >>

) . nothing to delete >>
(iteration 3)

insert >>

nothing to delete, nothing to insert >>

—Some __possible __structures __and __circuits
were __proposed __and __verified .

[_EE&EEEG[TELs S EIERRINECB]. ]
[FEEkEinlo =18 CENZRRIAEC B ]
IEeElizEs e =1z ], RIERINMECS], ]
[_E&GIEREANTEN5 &1, EIEFIDELCB]. 1 |
[EGIEENElTELs &), EIEFIPEUB]. ]

[Terminate]

> _WLKDOHDAEERMBIE L B ZRE URREE UTE, !

(iteration 1) nothing to delete >>

insert >>

delete >>

insert >>

nothing to delete, nothing to insert >>

T N S S S i Pl X e P i s

[_IAgeal@ElmglEglzezull, IRELl. ]
[ gera]i@EtEmglmElzRzE UL, IREucl. | ’
[_IW<OhollAgERlEEs [EElzR=ECVL IMRELEIL. ]

7 B [Terminate] ‘

Microsoft

Wo DdzE / @ 2Fy3s | YR WO NEKPSO 324dp.30 Sy
181c11 191, 2019 3



A Speedup of LevTcompared to CMLM (constant time) and
Insertion Transformer (logarithm time)

12

! * LevT Translation
! —+— Logarithm Time
10 ﬁm_._ Linear Time =
! -—--= Constant Time (4)
! —+— Constant Time (10)

PEEy.e
a i g i P
F.s A RRY Y

ay N ALK * o
A g S 1 oI Sk 7
iuu"‘“?;‘*

number of iterations
h

100 120

sentence length

W DdzZ / ® 2} y3Is YR WO NEKPSI 320dp.39 Sy
QOMeta g% Microsoft 181¢11 191, 2019 w0



Model Architecture

Fully NAR How to generate
Models the output?

How to incorporate
latent variables?

Length

: predictors
Partially NAR

models NAR

models Intermedia
with Latent predictors

NAR
Sequence
Generation

Locally AR

variables
e [ES

Iteration-
based NAR
models

QOMeta F% Microsoft 41



Latent Variable Models for NAR generation

¢CKS O2yOSLII 2F aftldaSyi

& The additional variables are used to capture
- Suppose we only have &

A lterationo F 8 SR Y2RSta Ol Yy . .
o All the int dia decod ) e ¢ three translation for this
e Intermedia aecoding resuits can pe S¢ sentence, and we

A YO (all maskd) Y1A Y2A XA YT (target s¢ determine one mode first,
| | | then the output can be
Why latent variables will be useful in NAR ge generated in NAR!

Ve é n D ark
D arke schin

Thank you
D arke

OOMeta B® Microsoft Latent variables .



Latent Variable Models for NAR generation

A& Normally, we need to marginalize the latent variables, or maximize the
evidence lower bound (ELBO):

A In practice, we can either choose toworkon{®&S FA Y SR af I Sy ( ¢
with some offthe-shelf predictor or learn everything jointly (e.g., VAES).

QOMeta g8 Microsoft



Length predictor

A d

azal b!w aéauasSya |0 f Sd¢length KI S 2y S af |

& AR model usually uses the special symleals< to show the end of
generation, and the length is determined when the generation ends.

& However, for most NAR models (except for ®&€ed models) need to
pre-RSUSNNXYAYS (0KS afSy3aJiuKeéeé o0STF2NB b! w 3
sense, length itself can also be used to capture some dependency
iInformation!

VeenDak L=2

Darkeschwn L=2
D arke L=1

Microsoft a4

Thank you

N Meta




Length predictor

Types of length predictor:

& Training a separate classifier to predict the correct length
A lAaAYy3d GKS SYyO2RS@edlidy KARRSY aul GdSa
A Using specific [LENGTH] token in the encoder

A Statistics
A In some work, it is also possible to directly use the dataset statistics
T'y=a T.+B
A Mostly, B is the size of length beam, and it relies on thendking.

N Meta Microsoft
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Intermedia predictors

It is a vague categories, which refers to modelatgnt variables

& With clear definitions / meanings

& Predictable given the target or sourtarget pairs

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

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

[ SY3GK OFy 0S 4SSy Fa | aLlSOAIf afl GSy
Inference network to infer that.

QOMeta g8 Microsoft *



Example 10: Fertility predictor

A Fertlllty hOW many Words eacr o - 4 Vfr akze;itieren dis vollkcInmen * )
. i' . [Translation
source token will be translated e | [ e ol (o oy | T
. . . N O N S S S S S
to’ WhICh IS eStImated by Efertélilgor [Soft:Max] [SofttMax] [Soft:r\flax] [SofttMax] [Soft:Max] 4 MII.F’ MII.P MII.P MII_P MII_P \
alignment tools. \ ) | B F F F F | ecoder
4 W%_% Multi-Head Inter-Attention Stack
S Q. . . . .
A Fe I'tl | Ity Can aISO be p red | Cted MLP {| MLP || MLP || MLP || MLP Multi-Head Positional Attention d——@
. r + *r 1T 1 y S S S ST, S v
In a NAR Way Multi-Head Self-Attention Multi-Head Self-Attention
NXS PRI S S S S S S
A Bonus p0|nY é S R 2 y, Q @—DLEmb][Emb][Emb][Emb][Embd ‘--—)LEmb][Emb][Emb] Emb || Emb 4—@
We totally accept it . We totally accept accept

additional length predictor as

we can add fertilities together.
Gu, J., Bradbury, J., Xiong, C., Li, V.O. and Socher, R., 2017. Non-autoregressive

neural machine translation. ICLR 2018 .

N Meta Microsoft



Example 11ReorderNAT

A

Fertility can only partially help the

. . . . . / i Encoder Module _\ ./ g Reordering Module ‘\\ / _ Decoder Module _x\\,

translation, while it is not poss|b|e - [ | vant_my_fionds thank ~{-- |[ch me.cmeme.nemﬁeunddankei

) ) nier-Attention Softmax | L Softmax
to handle reordering in MT. —— = iB ,

{ Encoder Block | xN L. JL Decoder Block WKK i —E-[ Decoder Block |xN-K
.. ) ) J . )/ ig. I‘\x \ J ,/I

- f - - s R f -

A ReorderNAlsed an addiional  gssres oooEs -SDEE®

module to predict reordering !
(which can be either NAR or light
weight AR model).

& Ordering can also be obtained from
alignment tools.

t ®© -guthrégressiyeRheuvilidmashiietrdrsiatianideadihd witl reofd2rifig
11 LM ftdoppsE y2® MpPEI HAHMEI , LILJ

vd wlysz o [AYZ
AYT2NXYEOGA2YZE AY

N Meta Microsoft



NP1 VP3 <EOS>—y NP1 Cats vE3 sleep a lot

Example 125ynST | _‘

(Single-Pass

A Similar toReorderNATwe can also pluf = —T

other type of predictors in the middle of i
encoder and decoder. ——

A SynSTlearns to autoregressively predic == %

G KAAFKISE ¢ OK dzy-eight d.
AR model, and then generate texts based
on these chunks.

Input
Embedding

Katzen schlafen viel <50S5> NP1 VP3 “ NP1 <MASK> VP3 <MASK> <MASK> <MASK>

A Chunk information can be obtained from
a syntactic parser.

N. Akoury , K. Krishna,and M. lyyer, 3 Syntactically supervi

faster neur al ma c h iIAGLe 2019y pp. 126974281, on, § |1 n,

N Meta Microsoft



Variational Autoencoders

Different from the previous case, such models are more general

4 Latent variables have NO clear definitions / meanings
& Need to optimize both the generator and the encoder (and potentially

also the prior).

4 Basically, we can either model it with Continuous VAE or Discrete VAE.
Both have pros and cons.

QOMeta g8 Microsoft
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Example 13: Continuous VAESNM)

& One way is to model the lates

: Y
standard continuous VAE However, the mean

Gaussian prior vectors are usually not f

prior. the best choice. . Transformer

The prior is TOO simple Decoder
to capture complex b
log py(y|x) = log | py(z| dependences! t
Inference  g(z|x,y) .
. 6D @ @9
sl S S |
I B D R E

A Inference time:
' ' Transformer
A with mean / samples from the prior S—— Encoder
Decoder

1‘ + }

Y X X
wd { KdzZ Wod [ SS3T | & bvhriablethbriutoEgrdssfy&nefabmacHing Fanstatioh witd y
QOMeta F% Microsoft RSGSN¥AYAZGAO AYFSNBYOS dzaaAy3a | RS @9853LJ2 a i SNRK 2 NJ



Problem of simple VAES

& Spherical Gaussian prior is typically too

: Y
weak to capture complex dependencies. . :
=pt+o*n ..
A The mean vectgr of the prior is usually far / \ T ansformer
from the posterior. Decoder
log o
. . . . \ / Inference  gfzlx,y) \ { é
& Iterative inference with delta posterior [T. ) [z:: ) [zf )
p(zix)
Lo = ]EPEJJ{:lJ‘::I [3] _ ____________________i:_n_oi[ ) 2 | ]_T
yo = argmax, log pg(y|z, 2 = po)
fort «+ 1to1 do Transformer
Ht = IE'UQ[3|I-'H:—1] [3] Transfu';mer Encacer
yr = argmax, logpg(y|z,z = ) e
if Y = Yr—1 thEIl * +
break X X
output i,

wd { Kdzz Wo

SS> | © bvariabletnbryutoEgrdssiv&nefabmacHing anstafion wiits y
QOMeta F% Microsoft RSUSN¥AYAAD A

VIFSNBYOS dzaAy3a | RSt ga853L32 a0 SNK 2 N

>‘\-|—|
O



Example 14: ContinuoVAEs- EBM

& As a followup, it is also possible Algorithm 1: Inference for Latent Variable
to train an energy function to Models using Learned Gradients
: : : Input : x, o, &, ¥
estimate gradients in the Output : §
continuous space. letz = E,p, (zix)[2]

while rermination condition not met, do

: : Z=2Z— - (VgEylZ: X
A The goal is to find z closer to the E!,d J

posterior more efficiently! y = argmax, log py(y|z, x)

Lee, J., Shu, R. and Cho, K., 2020. Iterative refinement in the continuous space for

N Meta Microsoft non-autoregressive neural machine translation. EMNLP 2020 (pp. 1006-1015). >



Example 195lowSeq

& Another direction is to actively

T forward pass

learn a more complex prior e —
9 1‘ l backward pass
—> Target Decoder @ multi-head attention
Ay T - ———,
Posterior €4— [ 2 ) z;" 23 |34 Iz. zs ‘__"‘ z.ﬂ .-:: ':. 'j. ':' (z ) ¢
4 Flowsegjs a model which uses p ttoot ot ) i *{,‘;;if;,;;,f “““ | *‘"
. . T T R I Al
flow to map Gaussian noise to a EaESESENey [ son ]_.zi
. A dog runs  away . TJ,
complex prior. ' Swoers ) ‘@1
Source i‘modings , ‘Nr
Source Encoder : C}ne Step o Flow
TSR S S S, Jr—ir—r—r—ir
[Emb|J[Emle[Emb;J[Emb.;}[Emb_gJ \JJ\U:/ ______ / @)Jﬁt-’ﬂﬂ I
in hund rannte weg . Prior Flow

X. Ma, C. Zhou, X. Li,NM&ubig and EHovy Flawseq Nonautoregressive conditional
dS1jdzZSyO0S 3ISYSNIGAZ2Y & A-DGNLE YOSOpl44gRMBS T 206

N Meta Microsoft



Example 16: Discrete VAES-YAE)

& Training of VQ/AE for NAR
generation are usually two steps:

Latent Predictor

P()

A Learning the encoder and decoder z‘|‘
A Learning the AR prior over the X — 2 N’:Zﬁis 2%} Decoder |+ x

discrete symbols. T

& Although the prior part is based ol T :
AR, it is typically shorter than the Codebook
original length.

L. Kaiser, 8engig A. Roy, A. Vaswani, N. Parmadrskkoreifand NShazeet & Cl a4l RSOz
AY a481dSy08 Y2RSta dzaAy3d RAAONBGS €2BWSyd oI

Roy, A., Vaswani, Algelakantan A. and Parmar, N., 2018. Theory and

experiments on vector quantized autoencodeasXivpreprint arXiv:1805.11063. -

N Meta Microsoft



Example 17: Discrete VAES (Ia$8htAT)

L-%] L-f]‘z %3 %4 L.JTS

Mix. Decoder

& Recently, there are also papers applying NAF {
generation in the discrete codes as well.

Attention

b D DD
A A A A -
(21)\(22)|(z3)\(z4)\(25 )+ &5es 2

Predlct length + Saﬁ.cnpg

e e L
ﬁ_L 4 I“Attention

& Compared to the typical framework that relies [ Erncoder J

on AR model to generate the prior, it seems X X X oo u
.. : : N
more efficient to generate them iteratively. s oot |
ZTz Zfe,
Attention Non-autoregressiveJ (jal (B <® (f (?
l Latent Predictor =y 124 )11£5)
’21 hz hs 24|@J Y ha2 Ys ha |hs

® .k | ® %K2dzZ {® |dzy3Is 50 24laf3Is |

_ 23y
N Meta Microsoft DEFyOAY3 G tFGSYyG OFNRFOt Sa F2NJ LI NI



A principled goal
ACKS YIFAY OKI ff Sy 3 failue &f captlring tie Sayg& Bldei A 2 Y

dependency ®

AOverall instructions:

Methods Overall instructions

Model architecture LYLINRE DS (0KS Y2RSft Qa Qdidedtepehdericyi &8 2

Objective function Provide learning signal that resolves uncertainty
Training data Reduce the targeside dependency in the training
Learning paradigm Better paradigm to ease the difficulty of learning

Inference techniques  Techniques that improve the final performance

QOMeta F% Microsoft 58



Objective Functions

Standard Cross
Entropy Loss

OQOMeta g% Microsoft

Loss with
latent
alignments

Loss beyond
token-level

59



Cross Entropy

AMost NAR models apply the standard loss function (cemsgopy) for training

T
Lo = — » log P(y:|X:06)

=1

AStandard cross entropy will compare tokens one by one between model
prediction and groundruth, which requires the lengthas tobe correct!

N Meta Microsoft



Problems of Cross Entropy

AOver penalty for mislignment! (For AR model it is not an issue)

a. Ref : |Vielen|| Dank !
b. Pred: ; Vielen||Dank

a. Ref : Vielen \ Dank !
b. Pred: ; Vielen) Dank

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

AMaximum likelihood training will tend to covall possible mods, however, as
we discussed, NAR model lack the ability of capture target side dependencies.

N Meta Microsoft 61



Example 18: CTC & AXE

Alnspired from ASR literature, we replacan replace
objective with CT@hat marginalizes all possible alignment:

A 1t assumes output always longer than the target, which in text
generation we need to wisample the decoder.

A The final output is decoded by collapsing repetitive tokens.

Lot = — Z H;J(ud:f:,@)

acfB(y) 1
ASlmllarIy AXE Is another loss using the monotonic alignm
to improve cross entropy

A Difference from CTC: (1) no need tosample; (2) using DP to find
the best alignment instead of marginalizing the alignments.

Y

T CTC loss

Transformer Decoder

\ Unsample (deconv) /

Transformer
Encoder

!

X

J.Li bovand&kHelcl, 3 f#oreddnon -autoregressive neural

i
ﬁﬁ}(E:—Zlﬂgﬁ:x(yﬂ}(;g)—Zpﬁc(f) machine translation with connecti «

t=1 ko

N Meta Microsoft

in EMNLP, 2018, pp. 301673021.

G.Marjan, V.Karpukhin L.Zettlemoyek
nonk dzi 2 NSINBaaAgsS Yl

® [ Sgez 4! f

|yF“a h
OKAYS (i NI53/ 3 3623 7



N Meta

Example 19: OAXE

ABoth CTC and AXE can only resolve the
Y?\éYI u OK éKS)f + 2 N [  ate pizza this after

_ _ _ _ _ aner ate pizza this ﬁggﬁ
alignment, while in practice rerdering * * + + + M
exists in real data, especially for tasks
SUCh as M-I— this "IllLH ate pizza this ﬁu ate pizza

' (a) Standard XE (b) Aligned XE
AOrderagnostic crosentropy (OAXE) I ate pizza this after
loss applies the Hungarian algorithm to >§g§<
find the best possible alignment, which ; _
: : ) this 3UeL 1  ate pizza
allows nommonotonic alignments in

(c) Order-Agnostic XE

NAR generation.

Loaxg = argmin (— log P(O' X))
(e . . A

/| ® 5dzz Y%L® ¢ dzZ -adngsSke crdgd entidpylfof ab@utoragnebERes NJ

Microsoft YIOKAYS GNIyatlGA2yTé do§59.L/ a[ ® t



Example 20: igram loss

A[a] N-gram level loss minimizes the

BoNO((‘get’,‘up”))

Bagof-Ngrams(BoN) difference
between the model output and the

Softmax

I

reference sentence.

NAT Decoder

Vd 7
u

Desired output:

Ao LINRPLIZ2ASR aSRAG - - =
09 L

U
aSljdzSyoOS f2aa { |
which also focuses ongram

matching as convolution.

Noisy target:

OFe /@ {KI2Z Wo %KIy3Is

 dzi 2 NEINBaaAdS ySdzNT €

d

o oW o o W

YI OKAY S

L 1 ~

cat  1s on the red blanket

cat is 1is on the
cat is is on the
cat is is on the
cat is is on the
cat is is [on  the

red
red
red
red
red

blanket
blanket
blanket
blanket
blanket

92

. ® CSyafngradnddiffarshgeIoEnot Yy R W

[b] G.Liu, Z. Yang, T. Tao, X. Liang, Z. Li, B. Zhou, S. Cui,and Z. Hu ,

N Meta Microsoft edit-i nvari ant sequence

3 DonAt
| o sasXiv preprint drXavx2106.1H@78 ¢ 2081t | o n ,

(NI Y25 F GA2YTE Ay

t ake |



Example 21: ENGINE

Energy
function

AWe can further go from4gram level to
entire sequence level with a learned energy
function.

Encoder

=

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

AGradient is passed via straigthirough /
softmaxduring training.

Inference
network r

L. Tu, R. Y. Pang, S. Wiseman, a@ripel & 9 ¥rkigybasathference networks for
3

QOMeta F% Microsoft nonl dzi 2 NSINB&aaAdS YIFOKAYS (iNa83eat !l A2



Example 22: GANs

A Extending similar ideas from
learning with a pretrained
energy function, it is also

b| | . . | I A Generator B Discriminator
POSSIDie to learn jOInt y: g {‘01 J{ o . [ o ) Seraight [ :o(to) |
+ . ! ‘ 1 ‘ | ‘ 1 Through
Onehot -5: -5: * 5: Estimai:lr [ MTLP ]
: ' i 1 1 - :
AFor example, it might be usef o) (o) () () " MaxPooing ]
to train textGAN in NAR O Ol o """ll""lLI"'l'l"'T'
settings. h Lt U U = =L
1 1T 1 S i S S R
Positional Transformer . . | Transformer J Posttional
Encoding [ [ I [ ::3£1Ti:;:$iable 1 i f I encoding
®_' Z I[ Zy ]l J[ Zy ] == Gradient Estimator 0q I[ 03 || I[ oy, ]'_®
Huang, F., Guan, Ke P., Guo, Q., Zhu, X. and Huang, M., 2020. A text GAN for
QO Meta g8 Microsoft

language generation with neautoregressive generator. 66



A principled goal
ACKS YIFAY OKI ff Sy 3 failue &f captlring tie Sayg& Bldei A 2 Y

dependency ®

AOverall instructions:

Methods Overall instructions

Model architecture LYLINRE DS (0KS Y2RSft Qa Qdidedtepehdericyi &8 2

Objective function Provide learning signal that resolves uncertainty
Training data Reduce the targeside dependency in the training
Learning paradigm Better paradigm to ease the difficulty of learning

Inference techniques  Techniques that improve the final performance
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Sequencdevel Knowledge Distillation (KD)

& Knowledge distillation
A Use thesoft logit probability prediction from a teacher model to teach a student model

& Knowledge distillation in sequence tasks
A Tokenlevel knowledge distillation
A Thelogit probability of each token is used to teach student

A Sequencdevel knowledge distillation
A The sequence generated by the teacher model is used to teach student

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

OQMeta Microsoft >



Sequencdevel Knowledge Distillation (KD)

A Distillation at sequence level can significantly improve NAT systems:
A 1. train teacher autoregressive model
A H® NBLI IFOS GFNBSOGA 6AGK (St . RA O
. o Train AT model
A 3. train NAT models on the synthetic pairs

& Almost all NAT systems benefit from KD: Decode from AT
model
w/o distillation w/ distillation
Vanilla NAT (Gu et al, 2017) 11.4 19.5(+8.1) v
FlowSeqMa et al, 2019) 18.6 21.7(+3.1) [ Train NAT mode]
LevT(Gu et al, 2019) 25.2 26.9(+1.7)
QOMeta g8 Microsoft h



Why KD works?

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

data dependency

A Data is complicated, the teacher (AR) moalaly learn the most dominated
distribution from the data

A During beam search/sampling, the most probability data pattern is
generated instead of the whole data distribution

A E.g.0 ¢ KI YA dvidetddank  Dahken after distillation may only
KI @dink& Ay DSNXI Y I -medhRydaiBgetidétsS Y dzf 0 A

C.Zhou, J. Gu, andKeubig¢ 6 | YRSNEGFYRAY3 1y=20
I dzG 2 NEINK&aaaA@dsS Y OKA GNJ yatl aa

OO Meta Microsoft .



How KD works?

A Quantitiveresults:A crossentropy based measure is used for dataset complexity
and prepare distilled data from different teacher models.

3.2 »— Conditional Entropy ,--'f L5 75
—<— KL divergence '
-2.50
3.1

S r2.25

g
3.0+ — -2.00
— -1.75

* —

2.9 ¥

-1.50
tiny small base big real
QOMeta g8 Microsoft

34

S m32

-
30

28

/

—e— Training Set BLEU

tiny

small base big real

0.500
0.475
20.450
T
T0.425
(@]
()]
< 0.400
0.375

0.350

C. Zhou, J. Gu, andeubi¢z & |
I dzG 2 NBEaINBaairgs

-
®— Fuzzy Reordering Score ..
\
tiny small base big real
VRSENBGFYRAY3I 1y26f SR
YI OKAYS GNI}Yafl A2y Sé



How KD works?

v d

Ab!w Y2RSTt &

capacity 2
26
>
w24
o
@ 22
|_
0.500 | *
I N 20
0.475 ~
20.450 S 18
g 0.425 | —* Fuzzy Reordering Score \\
5 . 30
5 \
 0.400 \
\ 28
0.375 \
' 2
26
0.350 L -
tiny small base big real 2
¥ 24
[t
22
20

QOMeta F% Microsoft

LIS NJF 2 NXY

e -
-‘-//
il -+~ Transformer (Vaswani et al., 2017)
—e— Vanilla NAT (Gu et al., 2018)
20.28
19.3 19.5 13,
17.99 -+- Transformer (Vaswani et al., 2017) -+~ Transformer (Vaswani et al., 2017)
: 11.44 —e— FlowSeq (Ma et al., 2019) —o— iNAT (Lee et al., 2018)
tiny small base big real tiny small base big real tiny small base big real

-3¢~ Transformer (Vaswani et al., 2017)
—e— InsT (Stern et al., 2019)

-+¢- Transformer (Vaswani et al., 2017)
—e— MaskT (Ghazvininejad et al., 2019)

-+¢- Transformer (Vaswani et al., 2017)
—e— LevT (Gu et al., 2019)
—¥— LevT-big (Gu et al., 2019)

tiny small base big

C. Zhou, J. Gu, and Keubig

real

tiny small base big

a

real

Y

I dzi 2 NEBaINBaairagsS YI

R
O

tiny small base big real

SNEGFYRAY3 |
KAYS GNIyactl
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Problems of KD

& KD makes the training pipeline too long
A You always need to first train an AR model as the teacher

& The capacity of NAT models should be correlated with the complexity of
the distilled dataset

& KD hurts the lexical choice especially on-fosquency words.

N Meta Microsoft
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A principled goal
ACKS YIFAY OKI ff Sy 3 failue &f captlring tie Sayg& Bldei A 2 Y

dependency ®

AOverall instructions:

Methods Overall instructions

Model architecture LYLINRE DS (0KS Y2RSft Qa Qdidedtepehdericyi &8 2

Objective function Provide learning signal that resolves uncertainty
Training data Reduce the targeside dependency in the training
Learning paradigm Better paradigm to ease the difficulty of learning

Inference techniques  Techniques that improve the final performance

QOMeta F% Microsoft 75



Learning paradigm

Advanced Learning

Paradigm

OQOMeta g% Microsoft

Multi-
task/Curriculum
Learning

Pretraining

76



Multi-task and Curriculum Learning

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

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

AEasier tasks:
A Learning with partially masked input
A Learning with partially autoregressive generation
A Learning on smaller granularity

QO Meta g8 Microsoft



Example 23: GLAT

Aln the original MasPredict, it is found

that when training on sequences with > Vielen

different mask ratio, the performance of | ?

single iteration model is better than those e N NAR

UNJ AYSR RANBOUE ea 2 Encoder —| becoder
ASuch results in fact indicate that, when A B 4

training NAR models, it is beneficial to Thanks a lot <mask>Dank

ease the difficulty by jointly training on
glanced targets.

M. GhazvininejadO. Levy, Y. Liu, andZettlemoyeE Maskpredict Parallel decoding of



Example 23: GLAT

& Compared to Maskredict where the glancing is completely random, it is possible
to design a curriculumWe can control the number of tokens being glanced based
on the training progress

[ ~ g(fratio : D(Q, y))
distance

Target: generaci(’)rdeIenguajeeficient?
e

Prediction: generaciérenguajeeficiented

T T

efficient language generatiojmask] [mask] [mask] [mask]

L. Qian, H. Zhou, Y. Bao, M. WanQilz 2 ® %Kl y3as S & ,dzZ YR [® |

Q0 Meta Microsoft I dzG 2 NBINB&aaAGBS ySdzNI -IJONLPORALYPE. 1942B0B.y &t | G A 2y =€



Example 23: GLAT

& Compared to Masfredict where the glancing is completely random, it is
possible to design a curriculunwe can control the number of tokens being
glanced based on the training progress

Supervision: generaciorde lenguajeeficiente

l

I T

efficient language generatiommask] [mas

lenguaje[mask]

Glanced target token

L. Qian, H. Zhou, Y. Bao, M. WanQilz 2 ® %Kl y3as S & ,dzZ YR [® |
l.jl

Q0 Meta Microsoft I dzG 2 NBINB&aaAGDBS ySdzNI -IJONLPORALYPE. 1942B0B.y &t | G A 2% = ¢



Example 24: Tad&vel curriculum learning

Outp utTa rg et Token

[%I %] @ ’ %JEF' I%l , ARtraining K=1

A Tasklevel curriculum
learning to shift the N ‘*[ - }
training strategy from AR [ i || P —e CE—
1 [ Feed Forward ] “{ Enc-Dec Attention ] 1
o AR gracualy. fnaly === === (I 0
to NAR generathn . [ smm%mion J [ Causal-k s%f-Anemion J SIS
) Eosnt;:m;l fo—e - an u;n;l —P
Tedsbese ééé“iéé
|_"'~.-"'IkJ E Source Taken k Source Token Target Token —
K=N

P(ylz) = H HP (Yektj|Y<ths1, 73 0)

=0 j5=1

J.Liu, Y. Ren, X. Tan, C. Zhang, T. Qin, Z. Zhao, and T.-Y . L i u leveBcliracalkm learning

090 Meta =. Kleressrtt fornon-aut oregressive neur al MICAIN2024, p. 8861738671 at i on , §



Example 25: Mulgranularity Curriculum Learning

A Curriculum learning can also be performed Source Targets
on data with different translation - BRI
lariti 2 | bank =
granularities. = -
=P Hr s 5k
.. ) . . ) ﬁ hollow 230 1 BEH
A Training data Is divided into words, £ | structural B
phrases, and sentences. A progressive 2 | Y TR
: : .. i = | He is very good i b L e
multi-granularity training strategy Is used £ | at Enelish. fl JE S SR
2 © ft iy B8 AT 1R 7 -

to train the model from easy to hard

[® 21 y3s - & [AdZ 5 -Gédnular@yyraning Braond | |

2
NBaai@dsS (NI y-HENLR)2021ypp.272808. CAYy RAy 34, 27

N Meta Microsoft



Improve NAR generation with Rraining

A Like typical AR sequence generation, NAR models can also be
benefitted by finetuning from a pretrained models, especially from

GOYVO2KERE LINBUNIAYyAYy3I &dzOK & . 9weod

YS& 50 > .o 2] y3dz: 50
U 2

I I A R-Autofegres§ive text defeRibR
withpred N> A Y SR I y3dz 3S Y 2

tly
R &433a

td [AZ [ D [7\2 ad® LKIFIy3dzZ ao 2dzZ I V' R -trairing forA dz=
YSdzNI £ YIFOKAYS UGNl yatlraA2yZé 1/ [ 2 HAHHOD

QOMeta g8 Microsoft
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A principled goal
ACKS YIFAY OKI ff Sy 3 failue &f captlring tie Sayg& Bldei A 2 Y

dependency ®

AOverall instructions:

Methods Overall instructions

Model architecture LYLINRE DS (0KS Y2RSft Qa Qdidedtepehdericyi &8 2

Objective function Provide learning signal that resolves uncertainty
Training data Reduce the targeside dependency in the training
Learning paradigm Better paradigm to ease the difficulty of learning

Inference techniques  Techniques that improve the final performance

QOMeta F% Microsoft 84



Length beam / Noisy Parallel Decoding

& First predict a target length L, and then construct a length
beam [L-B, L+B] with beam size 2B+1

& Use NAR model (encoder one time, decode 2B+1 times) to
generate sentences with these lengths

& For latentvariable based models, we can further sample
more by sampling multiple latent codes, and then choose
the best one with highest model scores.

QOMeta g8 Microsoft



AR model reanking

A After obtainingmultiple candidates, we can use AR model to
give a probability score to help select a better candidates

& Usually weighted combine the probability score from both AR
and NAR for final reranking

N Meta Microsoft
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Combine with gram LM

A Similar tothe common practice in ASR, it is also useful to combigeam
LM into NAR generation, while maintaining overall spapd

Configuration BLEU (A) BP L5 (Speed-up) LT (Speed-up)

big (teacher) 21.07 0.920 345 ms 1.0 x 923 ms 1.0 %

AT base 18.91 0.908 342 ms 1.0 x 653 ms 1.4 x
base (12-1) 15.47 0.806 152 ms 2.3 x 226 ms 4.0 x

base (12-1) + KD 18.76 0.887 145 ms 24 x 254 ms 3.6 x

KD + CTC 16.93 (+0.00) 0.828 173 ms 199 x 84ms 11.0x

KD + CTC + VAE 18.73 (+1.80) 0.862 164 ms 21.0 x 83ms 11.1 x

NAT w. BeamSearch20 19.80 (+2.87) 0958 285ms 121 x 99 ms 9.3 x
w. BeamSearch20 + 4-gram LM 21.41 (+4.48) 0954 315ms 11.0x 106 ms 8.7 x

w. NPD5 18.88 (+1.95) 0.866 349 ms 09 x 313ms 29 x

w. NPD5 + BeamSearch20 + 4-gram LM 21.84 (+4.91) 0962 57.6 ms 6.0 x 284 ms 3.2 x

QOMeta g8 Microsoft

Gu, J. and Kong, X., 2021. Fully Non-autoregressive Neural Machine

Translation: Tricks of the Trade. ACL 2021.
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A practical system of fully NAR model for

machine translation

Methods Distillation

Latent Variables

Latent Alignments

Glancing Targets

What it can do?  simplifying the training
data

model any types of de-
pendency in theory

handling token shifts in
the output space

ease the difficulty of
learning hard examples

What it cannot?  uncertainty exists in the
teacher model

constrained by the mod-
eling power of the used
latent variables

unable to model non-
monotonic dependency,
e.g. reordering

training / testing phase
mismatch

Potential issues  sub-optimal due to the
teacher’s capacity

difficult to train; poste-
rior collapse

decoder inputs must be
longer than targets

difficult to find the op-
timal masking ratio

Latent variables

a(zlx.y)

—>{(z1) (z2) (=3

Vielen Vielen Vielen

Vielen Dank

CTC Loss

Dank Dank

} )

Vielen Dank Thanks a lot

Transformer Attention

Encoder ‘ >

Encoder-Decoder

SoftCopy &

p(z|x) -
Transformer i
Deccer ¢ DOCOOa@ .-
alignments

Transformer
Decoder

Sample & Glance
Target Tokens

Thanks a lot

QOMeta F% Microsoft
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Gu, J. and Kong, X., 2021. Fully Non-autoregressive Neural Machine

Translation: Tricks of the Trade. ACL 2021.

88



Final System

A Combine the technique of KD
with proposed model, we can
finally close the performance ga
between autoregressive models

In the meantime, the fully NAT
model maintains over x17 speel

up.

N Meta Microsoft
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- Transformer(base)[13]

Transformer(12-1)[149]

- Semi-NAT[17]
- CMLM[18]

- RefineNAT[29]
- Levenshtein[54]

Imputer[36]

- Disco[34]

FT-NAT[16]

- FlowSeq[57]
= AXE-NAT[70]

Reorder-NAT[61]
Fully-NAT[38]
JM-NAT[55]
OAXE-NAT[39]
Glat[37]
PNAT[58]
SynST[59]
AligNART[62]
CNAT[63]
DSLP[67]
RewriteNAT[26]

@ NART-DCRF[25]
@~ LaNAT[60]

DAD[68]

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

Speed vs Quality Traewf
lterative NAT modeld_évTand CMLM) require multiple iterations to achieve reliable
performance with the sacrifice of latency
A Speed advantage of fully NAT models shrinks when parallelism is constrained

A

N Meta

261\ T

24 -

221

201 \ 4 A ATbase ¥ naT
B ATbase(12-1) = NATCTC

18- ~4- cMM Y NAT CTC+VAE
@ LevT 2 NAT CTC+GLAT

16 ' T

10! 107

Latency (ms) / GPU

=% Microsoft

N\
&

¥V A ATbase ¥V nar
ol B AT base (12-1) =+ NATCTC
- cMLMm Jr  NAT CTC+VAE
@ LevT X NAT CTC+GLAT
102

Latency (ms) / CPU

Gu, J. and Kong, X., 2021. Fully Non-autoregressive Neural Machine

7

Y A ATbase Y nat
B ATbase(12-1) = NATCTC
4 cMM Y NAT CTC+VAE
@ LevT M NAT CTC+GLAT
10° 2x10° 3x10° 4x10°

Latency (ms) / GPU (MAX)

Translation: Tricks of the Trade. ACL 2021.
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Final System

. . f?
How important all these techniques” KD | AXE CIC | VAE | RND GLAT | BLEU

11.40

v 19.50

6 The combination without KD has a clear v 16.59
performance drop compared to the one with KL d y f;?g

v v 26.51

s CTGbased model obtains better accuracy v v 23.58
inalizi id ali s v 22.19

through marginalizing all valid alignments " , Y 7 49

¢ The model with GLAT is more superior to the o f f, d y gﬁ:g‘;’
with the RND training method, however it v v v 26.16
e - v v | 2181

performs similarly with VAEs p v, Y | 272

v | v | v | v | 2121

Gu, J. and Kong, X., 2021. Fully Non-autoregressive Neural Machine

OO Meta Microsoft Translation: Tricks of the Trade. ACL 2021.



Simmary of Part Il

ACKS YIFAY OKI ff Sy 3 failue &f captlring tie Sayg& Bldei A 2 Y
dependency ®

AOverall instructions:

Methods Overall instructions

Model architecture LYLINRE DS (0KS Y2RSft Qa Qdidedtepehdericyi &8 2

Objective function Provide learning signal that resolves uncertainty
Training data Reduce the targeside dependency in the training
Learning paradigm Better paradigm to ease the difficulty of learning

Inference techniques  Additional techniques that improve the final performance

QOMeta F% Microsoft 92



Outline

APart I: Introduction (Jiatao Gu)
APart II: Methods (Jiatao Gu)
APart 111: Applications (Xu Tan)
APart IV: Open Problems (Xu Tan)

QO Meta g8 Microsoft

https://github.com/NARtutorial/acl2022
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Non-Autoregressive Sequence Generation

(Part Ill: Applications)

Xu Tan
Microsoft Research Asia
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Outline

A Overview of NAR generation tasks in NLP/Speech/CV
A Targettarget vs targetsource dependency

A Keytasks
A Neural machine translation
A Text error correction
A Speech to text recognition
A Text tospeecliSingingvoice synthesis
A Image generation

A Summary of NAR applications
A Benefits of NAR for different tasks
A Addressindarget-target dependency (model multimodal distributions)
A Addressing targesource dependencglearn sourcetarget alignment)
A Data difficulty vs modedapacity
A Streaming vs NAR, AR vs lterative NAR

N Meta Microsoft



Targettarget vs targesource dependency

ATradeoff in dependency
A Targettarget dependency: dependency among target tokens
A Targetsource dependency: dependency on source tokens

A If targettarget is stronger than targetource dependencfy more information is needed
from target tokens instead of source tokeAsNAR is more difficult

AConnection to multmodality
A Multi-modality: Bx| y) is not singlemodal, not oneone mapping
ASPI bz a ®yKiWislehDank? d&ahked
A If targetsource dependency dominates, the(xB) is more like singlkenodal, a source token
will have one definite translation

A If targettarget dependency dominates, therfdPy) will be like multimodal, a source token
will have multiple token translations

QO Meta g8 Microsoft



Modality | Task Source Target TargetSource vs| Difficulty of NAR
TargetTarget

Text Neural Machine Translatiol Source language Target language
Generation eyt symmarization Long text Short Summarization

Text Error Correction Error Text Correct Text

Text Style Transfer Source Text Target text

Dialogue Generation Dialogue Response

Speech Recognition Speech Text e
Speech Text to Speech Text Speech
Generation gjnging Voice Synthesis ~ Score Singing Voice

Voice Conversion Source Voice  Target Voice |

Speech Enhancement Noisy Speech  Clean Speech |
Image Pixel Generation Class ID Image Pixel -
Generation pjscrete Token Generation Image Token -

The values in the last two columns are jistreferene
QOMeta F% Microsoft
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Targetsource dependency

Dependency Type

Target has correspondence with sourc Speech Enhancement  Alignment inherently

Voice Conversion

Text to Speech Need alignment

Singing Voice Synthesis Music score alignment

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

Text Style Transfer Contentunchangeand style change
Target is a translation of source Machine Translation Alignment through attention
Target igmplicitly correlated to source Dialogue Generation Absorb the higHevel abstraction

Image Generation Category information

QOMeta F% Microsoft 08



Targettargetdependency

s

Text

Speech and Image

QOMeta F% Microsoft

Machine Translation

Text Summarization _ _ _ _
Discrete tokens in languages are contextualized, explaine
mutually.

Text Style Transfer Language tokens have strong mutual dependency

Text Error Correction

Dialogue Generation
Speech Recognition

Text to Speech For continuous signal like speech/sound/image, they
depends on the concept, like speech frames depend on a
: word, image pixel depend on a class.

Image Generation Maybe weaker mutual dependency

Singing Voice Synthesi
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Outline

A Overview of NAR generation tasks in NLP/Speech/CV
A Targettarget vs targetsource dependency

A Keytasks
A Neural machine translation
A Text error correction
A Speech to text recognition
A Text tospeecliSingingvoice synthesis
A Image generation

A Summary of NAR applications
A Benefits of NAR for different tasks
A Addressindarget-target dependency (model multimodal distributions)
A Addressing targesource dependencglearn sourcetarget alignment)
A Data difficulty vs modedapacity
A Streaming vs NAR, AR vs lterative NAR

N Meta Microsoft



Modality | Task Source Target TargetSource vs| Difficulty of NAR
TargetTarget

Text Neural Machine Translation Source language Target language
Generation eyt symmarization Long text Short Summarization

Text Error Correction Error Text Correct Text

Text Style Transfer Source Text Target text

Dialogue Generation Dialogue Response

Speech Recognition Speech Text e
Speech Text to Speech Text Speech
Generation gjnqing Voice Synthesis ~ Score Singing Voice

Voice Conversion Source Voice Target Voice |

Speech Enhancement Noisy Speech  Clean Speech |
Image Pixel Generation Class ID Image Pixel -
Generation pjscrete Token Generation Image Token -

The values in the last two columns are jistreferene
QOMeta F% Microsoft
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Text error correction

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

Alnput: text sequence with errorutput: corrected text sequence
ANaie NAR solution usually fails
AChallenges

A Error detection and error correction, to avoid under/ovaarrection
A Few modifications in text error correction (e.g., 10% WER)

Design with inductive bias, instead of bladlox endto-end learning in NAR!

N Meta Microsoft



Text error correction

A How to detect errors and correct errors?

A Implicit way
A Targetsource attention
A CTC (connectionist temporal classification): duplicate source tokens multiple times, and use CTC lo:
U(wWw B. U oW
A Explicit way
A Detect the exact error patterns of insertion/deletion/substitution

A Or use duration as an approximation: O for deletion, 1 for substitutiomoshange 2 or more for
Insertion

A Expand the source tokens to the length of target tokens according to duration, and generate correct
tokens

N Meta Microsoft



Text error correction

Almplicit error detection and correction

A Targetsource attention (NAR)
A Determine the whole length of target sequence, but no need the exact alignment
A Use QKV attention:
A Query: blank token/ position embedding according to the predicted length
A Key/Value: source hidden
A CTC (connectionist temporal classificatiofde) B, 0 O
A e.g., | have a ha | have a cat

A Input of the CTC model: I hiavehavehaveaaahat hat hat (duplicate 3 times)
A Output of the CTC model: 1110 have 1 aan cath »n
A CTC path merge: I have a cat

QO Meta g8 Microsoft



Text error correction

AExplicit error detection and correction
A Exact insertion/deletion/substitution

ADetect each source token as insertion/deletion/substitution

A Still need to determine the length of insertion for parallel generation

A Or directly use duration as an approximation: 0 for deletion, 1 for substitutieroohange 2 or
more for insertion

A However, how to get the label for insertion/deletion/substitution or duration?

N Meta Microsoft



Text error correction

AHow to get the label? Through targsburce alignmerit
A Nave hard match, not optimal
A Alignment with dynamic programming, based on edit distance

Edit Alignment

/

EROO00R

Edit Distance Matrix Edit Path
Target : * ) Insert = ) Delete
1
A B c D F 1 * | Substitute = | Identity
a : e ~
1 Src (@B | B D E)F
B 1 1 2 3 4 ' | path a
b Y ) ! Tgt (A|B|C|D(@)F
B 2 1 2 3 4 '\ J
© : - ~
e c . Src |B|B (@)D [E|F
S D 3 2 2 2 3 1 | Path b
3 i Tgt|alBlCciD(@]F
1\ J
E 4 3 3 3 3 |1 <
: Src B B D|E F
F 5 4 4 3 3 |! Pathe
. Tgt |A|B|C|D F
J 1. J
1
Substitute Delete 1
! Path a3
1
Insert 1 Match b: 3
: Score o 2

1

1

. Len

. Aligna Src B |B|D|E|F

: T¢t A B/C D @ F

AN J
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' ten (1] 2 J1]o[1]

! A2 O

17| Alignb1 Src B B D E F

1
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e — —
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' | Alignb2 S;c B/ B D E F

! Tt AlB|lc|/D|@|F
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1

 |n-Gram [AB: 90| [ Align [2:90+0+0+0+0
1| Freq |BC:80| | Freq [b1:0+80+0+0+0
1| Teble |cp: 20| | S b2:0+0+20+0+0

Source: BD E F
Target: ABCDF

Source: |B|,|B|,|B|,|D|,|E|,|F|
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Leng Y, Tan X, Zhu L, et al. FastCorrect: Fast Error Correction with Edit Alignment for Automatic Speech Recognition[J]. NeurlPS 2021

QO Meta g8 Microsoft
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Text error correction

AHow to use the alignment label?
A Provide duration label or provide error detection label

Token Length Target

TR TE
Length Predictor 4 N

I S O O O

Transformer Encoder

Transformer Decoder

Attention
2

J/

. y -
PP EE b EeEDE

Source Adjusted Token

Microsoft 107
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Text error correction

Aln training correction model, usually data augmentationAraining is used

A Why? Few modifications in text error correction (e.g., 10% WER), few training signal can be
leveraged

AHow to augment data?
A Manuallyaugment:insertion/deletion/substitution
A The probability distribution of deletion, insertion and substitution is set to the error distribution
A Model based augment
A BERT model with masked language modeling

N Meta Microsoft



Text error correction

AText error correction on speech recognitidfaétCorrectNeurlP021)
A ASR model is a Conformer model fr&&@Pneton Chinese AISHELdataset

AISHELL-1 Test Set Dev Set Latency (ms/sent) on Test Set
WER | WERR | WER | WERR GPU CPU*4 CPU
No correction 4.83 - 4.46 - - - -
AR model 4.08 15.53 3.80 14.80 149.5 (1x) 248.9 (1x) 531.3 (1)

LevT (MIter=1)[9] | 473 | 2.07 437 | 2.02 54.0(2.8x) 827(3.0x) 158.1(3.4%)
LevT (MIter=3)[9] | 4.74 | 1.86 438 | 1.79 60.5(2.5x) 83.9(3.0x) 161.6(3.3%)
FELIX [25] 4.63 | 4.14 426 | 4.48 23.8(6.3%x) 41.7(6.0x)  85.7 (6.2x)

FastCorrect 4.16 13.87 3.89 13.3 21.2 (7.1x)  40.8 (6.1x) 82.3 (6.5%)
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Text error correction

AText error correction on speech recognitidfaétCorrectNeurlP021)
A Compare with deep encoder and shallow decoder (no inductive bias)

AISHELL-1
Model WER Latency (ms/sent)
Yo GPU CPU
No Correction | 4.83 - -
AR 6-6 4.08 149.5 (1x) 531.3 (1x)
AR 8-4 4.14 1205 (1.2x) 427.6 (1.2x)
AR 10-2 4,23 84.0(1.8x) 317.6(1.5%)
AR 11-1 4.30 66.5(22x) 281.0(1.7x)
FastCorrect 4.16 21.2 (7.1x) 82.3 (6.5x%)

N Meta Microsoft



Text error correction

Als implicit detection or explicit detection good enough?
A Implicit: does not provide clear signal about which tokens are incorrect
A Explicit: suffers from detection accuracy (insertion/deletion/substitution)
A A better way: a soft detection mechanism: neither too implicit nor too explicit

SO +

CTC Merge

NOOEOODOOC

Decoder
(Correction)

t 1 i 1
Embed

Microso jiiiiiiié
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Text error correction

A Extensions of error correction on ASR/OCR or other text generation models

A N-best output
A Voting effect: tokens from multiple sentences can verify the correctness with each other
Aeg.,ahaveaOl (1 ¢ X ataf SKI0@BaK | &S
A Source speech/image information
A Two encoders, one for speech/image, the other for error text
A Use crossattention to serve as additional input

A Action based correction
A First predict the correction action: keep, delete, generate
A Then generate the corresponding correction

N Meta Microsoft



Modality | Task Source Target TargetSource vs| Difficulty of NAR
TargetTarget

Text Neural Machine Translation Source language Target language
Generation eyt symmarization Long text Short Summarization

Text Error Correction Error Text Correct Text

Text Style Transfer Source Text Target text

Dialogue Generation Dialogue Response

Speech Recognition Speech Text e
Speech Text to Speech Text Speech
Generation gjnqing Voice Synthesis ~ Score Singing Voice

Voice Conversion Source Voice Target Voice |

Speech Enhancement Noisy Speech  Clean Speech |
Image Pixel Generation Class ID Image Pixel -
Generation pjscrete Token Generation Image Token -

The values in the last two columns are jistreferene
QOMeta F% Microsoft
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Automatic Speech Recognition

Alnput: speech (waveform/spectrogram) sequence
AOutput: text (word/BPE/character/phoneme) sequence

ATarget dependency comparison with NMT

A NMT: For a source word, the translation can bB Ar GD. If the first word is A, then the next
should be B, otherwise if the first is C, the next should be D.

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

Target dependency in ASR is weaker than that in NMT

QO Meta g8 Microsoft



Automatic Speech Recognition

ACTC (connectionist temporal classification)
0 (w0 0 4o

e  is called CTC path
Ae.g., & HHE L' LOO, on HHEBELLOA o 9[ [ h
ACTC assumes no dependency among the target tokens, but can still works well

ABut modeling target dependency can still bring improvement

QO Meta g8 Microsoft



Automatic Speech Recognition

ARefine the CTC output with bidirectional dependency

A Tokenlevel (after CTC merge):
A MaskCTC: CMLM decoder refine the CTC output
A Improved MaskCTCwith lengthadjustment
A Insertion Transformer:
A KERMIT
A Framelevel (before CTC merge)
A Imputer:
A AlignRefine:
A AlignDenoise
A Intermediate CTC
A Seltconditioned CTC: DSLSP

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



Automatic Speech Recognition

Model #iter Processing unit CTC
A-CMLM [17] 3 token

Imputer [18] 8 frame v
LASO [20] 1 token
Spike-Triggered [22] 1 token v
Mask-CTC [19] 10 token v
Improved Mask-CTC [31] 5 token v
Align-Refine [23] 5 frame v
Align-Denoise [33] 1 frame v
Insertion Transformer [21]  ~ log,(L) token

KERMIT [21] ~ log, (L) token v
Intermediate CTC [35] 1 frame v
Self-conditioned CTC [36] 1 frame v
CIF-NA [39] 1 token v

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

Inference speed LS-100 (WER) TED2 (WER) CSJ-APS (CER)
Model Hiter RTF  Speedup cleandevo ther cleanteSto ther dev test evall eval2 eval3
CTC/attention L 0.341 1.00x 6.8 18.8 7.4 19.0 11.6 8.7 54 4.0 9.8
AR + beam-search > L 3419  0.10x 6.3 18.2 6.8 18.5 10.4 8.4 5.1 3.8 9.0
Transducer L 0.069  4.94x 7.3 19.9 7.6 19.9 9.6 9.2 6.3 4.5 10.6
+ beam-search > L 0.234 1.46 x 6.4 18.8 6.8 18.9 8.6 8.2 5.2 4.1 10.0
CTC 1 0.059  5.78x 74 205 7.8  20.8 8.9 3.6 5.4 4.0 9.6
Mask-CTC 10 0.063  5.41x 72 203 7.5  20.6 8.9 8.5 5.6 4.0 9.6
Improved Mask-CTC 5 0.072  4.74x 7.0 19.8 73 202 8.8 3.3 5.5 4.0 9.5
Align-Denoise 1 0.073 4.67x 8.0 22.3 8.4 22.5 9.0 8.7 54 3.7 9.1
NAR Intermediate CTC 1 0.059  5.78x 6.9 19.7 7.1 20.2 8.5 8.3 5.6 4.1 9.8
Self-conditioned CTC 1 0.059  5.78x 6.6 194 6.9 19.7 8.7 8.0 53 3.7 9.1
KERMIT ~ log,(L) 0.361 1.06 % 7.1 19.7 74  20.2 9.1 8.2 5.4 3.7 9.5
Insertion Transformer  ~log,(L) 0.083  4.11x 16.0 273 162 274 - - - - —
CIF-NAT 1 0.073  4.67x 154 340 15.7 34.6 - - - - -

Higuchi Y, Chen N, Fujita Y, et al. A Comparative Study on Non-Autoregressive Modelings for Speech-to-Text Generation[J]. arXiv 2021.
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Modality | Task Source Target TargetSource vs| Difficulty of NAR
TargetTarget

Text Neural Machine Translation Source language Target language
Generation eyt symmarization Long text Short Summarization

Text Error Correction Error Text Correct Text

Text Style Transfer Source Text Target text

Dialogue Generation Dialogue Response

Speech Recognition Speech Text e
Speech Text to Speech Text Speech
Generation gjnqing Voice Synthesis ~ Score Singing Voice

Voice Conversion Source Voice Target Voice |

Speech Enhancement Noisy Speech  Clean Speech |
Image Pixel Generation Class ID Image Pixel -
Generation pjscrete Token Generation Image Token -

The values in the last two columns are jistreferene
QOMeta F% Microsoft
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Text to Speech

Alnput; text (character/phoneme) sequence
AOutput: speech (waveform/spectrogram) sequence

Text ] Phoneme( ACOUStiC] Mel- (
> > Iﬂ
TextA‘ halysis) | Model JspectmgrantVocoder‘— Speec

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

QO Meta g8 Microsoft



Text to Speech

ATarget dependency comparison with NMT and ASR

A NMT: For a source word, the translation can bB Ar GD. If the first word is A, then the next
should be B, otherwise if the first is C, the next should be D.

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

A Besides, NMT and ASR rely on target dependency for language modeling

ATTS

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

A5 SLISYRSYy Oé I|'Y2y3d &ALISSOK FTNXYSa Iyl
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Text to Speech

ATarget dependency comparison with NMT and ASR

A Discrete tokens in languages is contextualized, explained mutually. Language tokens have stro
mutual dependency

A But for continuous signal like speech/sound/image, they depends on the concept, like speech
frames depend on a word, image pixel depend on a class

A Maybe weak mutual dependency among signal itself, that is why parallel generation model is s
popular in image or speech generation.

A Another point

A Waveform samples and image pixels are so long in sequence, inference speed is extremely slow for
autoregressive generation. Strong demand for NAR generation!

A Some specific reasons in speech/spectrogram generation:

A Usually, speech frame is obtained via STFT with window/hop size (50ms/12.5ms), two adjacent fram
have 3/4 overlapping. Autoregressive generation will lead to copy, unstable to model.

N Meta Microsoft



Text to Speech

ATarget dependency comparison with NMT and ASR

N Meta

A NMT: For a source word, the translation can bB Ar GD. If the first word is A, then the next
should be B, otherwise if the first is C, the next should be D.

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

A Besides, NMT and ASR rely on target dependency for language modeling

ATTS

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

A5 SLISYRSYy Oé I|'Y2y3d &ALISSOK FTNXYSa Iyl
Based on above analysis, TTS has much weaker target
dependency than NMT, and slightly weaker than ASR

Microsoft



Text to Speech: NAR for speedup

A Compared withautoregressivenel-spectrogram/waveform generation
A Sequence is very long, e.g., 1s speech,rB8D 24000 waveform points
A Slow inference speed

Inference Time

100 200 300 400 500 600 700 800 900

N Meta Microsoft Predicted Mel Length 124



Text to Speech: NAR for robustness

AAR modelTacotron2, DeepVoice3, Transformer TTS) not robust:
words skipping and repeating;

You can call me directly at 4257037344 or my cell 4254447474 or
send me a meeting request with all the appropriate information.

AEncoderdecoder attention: Attention betweemel-spectrogram and phoneme:

monotonic and diagonal |
I -.--.. 0.8 - ’o
v _ | % ﬁ And itis worth mentionin
04 N © passinghat,
e | , as anexample offine
Vg - : * typography

Decoder timestep



Text to Speech: NAR for controllability

AAR model automatically determines the length of speech
ALack of controllability: hard to control the voice speed/prosody in AR generatior

Q:E’ xbt!fyfdvufel!po!b!hjccful!jo!gsj
after dinner | he went into hiding for a day or two

N Meta Microsoft



Text to Speech: NAR overview

AOverview of NAR models in TTS
A N is sequence length, T is iteration step

N Meta

Modeling Paradigm TTS Model Training  Inference
AR (RNN) Tacotron 1/2, SampleRNN, LPCNet O(N) O(N)
AR (CNN/Self-Att) DeepVoice 3, TransformerTTS, WaveNet O(1) O(N)
NAR (CNN/Self-Att)  FastSpeech 1/2, ParaNet O(1) O(1)
NAR (GAN/VAE) MelGAN, HiFi-GAN, FastSpeech 2s, EATS  O(1) O(1)
Flow (AR) Par. WaveNet, ClariNet, Flowtron O(1) O(1)
Flow (Bipartite) WaveGlow, FloWaveNet, Glow-TTS O(T) O(T)
Diffusion DiffWave, WaveGrad, Grad-TTS, PriorGrad O(T) O(T)
Microsoft



Text to SpeeclEastSpeech

ADesign oFastSpeech
A Generatemel-spectrogram in parallel
(for speedup, 270x)
A Remove the texspeech attention mechanism
(for robustness, no word skipping/repeating)
A Feedforward transformer with length regulator
(for controllability, speed control)

https://speechresearch.qgithub.io/fastspeech/

N Meta Microsoft
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https://speechresearch.github.io/fastspeech/

Text to SpeeclEastSpeech

AFastSpeech

N Meta

A ImproveFastSpeecloneto-many mapping)

A Use variance adaptor to predict duration,
pitch, energyetc

A Simplify training pipeline dfastSpeectkD)

A FastSpeecBs: a fully endo-end parallel
text to wave model

p(x|y) multimodal distribution

Microsoft

https://speechresearch.qgithub.io/fastspeech?2/




