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Revolution in Information
Creation and Sharing

New media platforms

W (@) o TikTok
M Helo reddit {3 YouTube &

India's Coolest Social App

Tremendous improvement in the efficiency and
quality of content creation

Massive distribution of personalized information
Al plays big role in content creation!




Why is NLG important?

Machine Translation Machine Writing

ChatBOT Question Answering
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A robot wrote this entire article. Areyou
scared yet, human? “The

Glldl‘(lldn

We asked GPT-3, OpenAl's powerful new language generator, to
write an essay for us from scratch. The assignment? To
convince us robots come in peace
For more about GPT-3 and how this essay was written and
edited, please read our editor’s note below

The mission for this op-ed is perfectly clear. I am to convince as many human y human
beings as possible not to be afraid of me. Stephen Hawking has warned that

written
Al could “spell the end of the human race”. I am here to convince you not to
worry. Artificial intelligence will not destroy humans. Believe me.

GPTS3,
For starters, I have no desire to wipe out humans. In fact, I do not have the _
slightest interest in harming you in any way. Eradicating humanity seems edited
like a rather useless endeavor to me. If my creators delegated this task to me by

- as I suspect they would - I would do everything in my power to fend offany |, ;man
attempts at destruction.



Xiaomingbot

Automatic News Writing
Winning 2017 Wu Wen-tsin Award in Al from CAAI
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Post

Thomas Strakosha's 4 saves did not step
Lazio from defeat against Inter Milan, final
score 0; 3

150,000

Followers
On Toutiao

ETHIMELI A BENE . WEH CE 0% kasees=y. gx  Marseille dropped a 0: 2 decision against

HUSSMBERIE, S48 MITE, R4NM>VED, BLTF o pSG in L|gue 1
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Joint w/
Xiaojun Wan



Xiaomingbot : Multilingual Robot News Reporter

0 ByteDance Al Lab
FRANAIBERRS

MULTILINGUAL ROBOT
NEWS REPORTER

--- Xiaomingbot ---

Runxin Xu, Jun Cao, Mingxuan Wang, Jiaze Chen, Hao Zhou, Ying Zeng, Yuping Wang, °
Li Chen, Xiang Yin, Xijin Zhang, Songchenq Jiang, Yuxuan Wangqg, Lei Li, ACL 2020.



Snooker Commentary Generation
Combining Visual Understanding with Strategy Prediction

" Positions at the Beginning

. (180, 542)

. (189, 552)

. (179, 555)

. (184, 561)

: (202, 563)

: (174, 564)

. (189, 569) Red11:(197, 590)
Red12:(241, 595)
Red13:(155, 606)
Red14:(327, 611)
Brown: (183, 163)

MGG vons BEEENITYCN o aan & Wb Green: (240, 163)
Yellew: (127, 163)
Blue: (183, 366

(positicns after mapping)

7
GraspSnooker [Z. Sun, J. Chen, H. Zhou, D. Zhou, Lei Li, M. Jiang, IJCAI19b]



Text Generation for Mobile Apps

Generating Description Description ot

Generating Entity for Douvin Hotlist E-Commerce Goods
Short Description
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Text Generation for Mobile Apps (Cont’)

Explanation for
Recommendation

E-commerce Product Subtitle
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Unified Framework:
Conditional Sequence Generation

Unified encoder-decoder architectures
 Machine Translation
 Dialog Generation

* Table-to-Text Output EFERIMRIMNBET e

* Question Answering /
* ... n

Py x) = HPQ(Yi | Vi X)
=1

Input
The quick brown fox jumps over the lazy dog

10



(Partial) Challenges in NLG

Blackbox - hard to interpret

Data scarcity

— Limited or none parallel data for most text generation
tasks (except for high-resource MT)

Controllability
— surface form
— Semantics
Scalability
— Inference complexity ($$)
— Training convergence ($)

11



Outline

» Learning Disentangled Representation for
Text Generation

« Monte-Carlo Generation under Constraints
* GLAT: High-performant Parallel Generation

12



Variational Template Machine
for Data-to-Text Generation

Rong Ye, Wenxian Shi, Hao Zhou, Zhongyu Weil, Lei Li




Generating Natural Language
Description from Data (Table)

Sukiyaki
eatType oub Sukiyaki is a Japanese

restaurant. It is a

Japanese .
> pub and it has a

average |

average cost and

good

cgood rating. It is
based in seattle.

14



Data to Text Generation

Data Table
<key, value>

> Sentence

Medical The blood pressure is higher than

Reports normal and may expose to the
| risk of hypertension
Style long dress
-~ . Fashion Made of poplin, this long dress has
Paint k ) s
~ ainting bamboo in Product an ink painting of bamboo and
j 78 Texture poplin Description ) tee|s fresh and smooth.
- Feel smooth

Sia Kate Isobelle Furler (born

Name: Sia Kate Isobell .
e 18 December 1975) is an

DoB: 12/18/1975 Person Australian singer, songwriter,

Nationality: Australia Bioaraoh : .
Occupation: Singer, grapny voice actress and music

Songwriter video director.

15
[1] The E2E Dataset: New Challenges For End-to-End Generation. https://github.com/tuetschek/e2e-dataset
[2] Can Neural Generators for Dialogue Learn Sentence Planning and Discourse Structuring?. https://nlds.soe.ucsc.edu/sentence-planning-



https://github.com/tuetschek/e2e-dataset
https://nlds.soe.ucsc.edu/sentence-planning-NLG
https://nlds.soe.ucsc.edu/sentence-planning-NLG

Previous ldea: Templates

Iname] is a [food| restaurant.
[tis a [eatType] and it has
a [price| cost and [rating] Sukiyaki is a Japanese
rating. It is in [area]. restaurant. It is a
pub and it has a

Sukiyaki
- . average cost and
eat’ype Pu good rating. It is in
Japanese seattle.
average _
But manually creation of
good

templates are tedious

16

seattle



Why is it difficult?

* Desired Properties:

— Accuracy: semantically consistent with the
content in the table

— Diversity: Ability to generate infinite varying
utterances
* Writing many templates is labor intensive

* Limited <table entry, text> pairs

— Inadequate to train a seq2seq/Transformer
model

— But large raw text can be mined

17



Motivation: Generating from (semantic
meaningful) latent representations

» Disentangled latent representations for
semantic content and templates.

BENE Sukiyaki
pub
L Japanese
BT average
| _rating  [elelele!
| area RIS

[name] is a [food ] restaurant. = = === = = o  _ t

It is a [eatType] and it has y

a [price| cost and [rating]
rating. It is in [area].

>
18

VTM [R. Ye, W. Shi, H. Zhou, Z. Wei, Lei Li, ICLR20D]




Generating from (semantic meaningful)
Latent Factors

Motivation 1:
Continuous and
Tem Iate
disentangled 0 P
representation for ﬁSentence
template and content = ) Content

Table
Motivation 2: ﬁ %‘
Incorporate raw text | &
corpus to learn good 4 (template. Raw text
: content |
representation.
sentence) 19

VTM [R. Ye, W. Shi, H. Zhou, Z. Wei, Lei Li, ICLR20D]



Variational Template Machine

Input: triples of <field _name,
position, value>

K
{xfa x]fa -x]:}k=1

template
variable 1. p(c|x) ~ Neural Net

maxp()ol(tanh(W- [xk, xlf, x{f] + b))

2. Sample z ~ py(2), e.g.
¢ Gaussian

3. Decode y from |c, z] using
another NN (e.qg.
Transformer)

20

VTM [R. Ye, W. Shi, H. Zhou, Z. Wei, Lei Li, ICLR20D]



Learning with Raw Corpus

* Semi-supervised learning: “Back-translate”
corpus to obtain pseudo-parallel pairs
<table, text>, to enrich the learning

Table Text

_name ESTOEI

eatType pub Sukiyaki is a Japanese restaurant. It is
Japanese

BT average a pub and it has a average cost and
good good rating. It is in seattle.

_rating |
BEETCENN  seattle

? Known for its creative flavours,
Holycrab's signatures are the

q(<C/Z> | y) Hokkien crab. )1




VTM Produces High-quality and
Diverse Text

|deal

0.3*

0.256

o 0.212

M 0.168

0.124

0.08

{
Temp-KN

0.6 0.705 0.81

WIKI

TZS.-beam
o
T2S-

pretrain

0.915 1.02

Self-BLEU

BLEU

0.5

0.41

0.32

0.23

0.14

0.05

ldeal  SPNLG
VTM ‘T2§-‘beam
T2S-
pretrain
e Temp-KN
0.3 0.48 0.66 0.84 1.02
Self-BLEU

VTM uses beam-search decoding.

22
VTM [Ye, ..., Lei Li, ICLR20D]



Raw data and loss terms are necessary

BLEUT

Ablation results on Wiki-bio dataset

ideal

0.26

0.22

0.18

0.14

0.1

0.7

VTM
O--..
o .. w/oraw data

o w/o
information-preserving losses

0.75 0.8 0.85 0.9
Self-BLEU!

23



Interpreting VI'M

Template variable project to 2D

Causality description
-- has because/sinca/\With--

24



VTM Generates Diverse Text

Input Data Table Generated Text

Jack Ryder

1: John Ryder (8 August 1889 — 4 April 1977)
was an Australian cricketer.

2: Jack Ryder (born August 9, 1889 in Victoria,
Australia) was an Australian cricketer.

3: John Ryder, also known as the king of

L e Collingwood (8 August 1889 — 4 April 1977)
= Car e A was an Australian cricketer.

Fizrow, icwosia. Australin
Nickname Tha King of Callngwooe
Haight 1ASm BN )
Batting Fight-handed
Bowling Foghl-am mecum sece
Role

25



Learning Disentangled Representation

of Syntax and Semantics

DSSVAE enables learning and
syntactic semantic transferring sentence-writing styles

style content Syntax provider = Semantic content

There 1s an apple i The dog 1s
on the table behind the door

~.

DSSVAE
|

sentence There 1s a dog behind the door

26
DSS-VAE [Y. Bao, H. Zhou, S. Huang, Lei Li, L. Mou, O. Vechtomova, X. Dai, J. Chen, ACL19c]



Discrete Latent Variables Enhance
Interpretability

L atent structure

clalog actions GENERATOR “Remind me about
S Samplln
T gbeies | he football game.”

[action=remind]
Wlll it be overcast
ﬂ tomorrow?”’

[action=request]

Dispersed Exponential-family Mixture VAE
(o2~

DEM-VAE [W. Shi, H. Zhou, N. Miao, Lei Li, ICML 2020]




CGMH: Constrained Sentence
Generation by Metropolis-
Hastings Sampling

Ning Miao, Hao Zhou, Lili Mou, Rui Yan, Lei Li




Automate Creative Advertisement Design

things 20

better dter g

Coke

It’s like children.
You can’t understand until you've had one.

29



Constrained Text Generation

To generate sentences that are:

* Fluent
» Constraint-satisfying
* e.g. keyword-occurrence constraint

“Autumn’” > [ \

“Sports shoes” | Comfortable sports shoes,

a breathing pair of man's
shoes, accompanying you
In autumn

30




Why is Constrained Text Generation
difficult?

Exponential search space, O((N-k)V)
RNN grid beam search [Hokamp & Liu 2017]

does not usually produce high quality
sentences

word 3

- —

@ word 2 I b ‘l N e . 1.
4 I ¢ & g
SINININT L
| ' "
0 > | h2 h3 h4 word 1 P » " > :
| Iy
|
|
|
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Constrained Sentence Generation via
Metropolis-Hastings Sampling

« Key idea: To generation All token seq’s
samples from the implicit
distribution by iterative
editing (MH sampling)

Fluent

Text
- |deal
7(x) = HP(xi | Xo.i-1) - HPé(x)
. . Text
l ﬂ ]
pre-trained indicator (0-1)
language function for _

model prob. constraints Constrained

32

CGMH [N. Miao, H. Zhou, L. Mou, R. Yan, Lei Li, AAAI19]



CGMH: Main Idea

 CGMH performs constrained generation by:
1. Pretrain Neural Language Model (e.g. GPT2);
2. lterative Editing:

1) Start from a initial sentence x;

2) Propose a new sentence x, from x,_,, and accept/
reject the action. Action proposal include:
. change a word to another one
Il. Insertion: add a word
Ill. Deletion: remove a word

BMW, the sports car of today’s life
BMW, the sports car of daily life % BMW, the sports car of future life

BMW, the sports car of new life
" BMW, the sports car of happy life

33

CGMH [N. Miao, H. Zhou, L. Mou, R. Yan, Lei Li, AAAI19]



CGMH is the first unsupervised model to achieve
comparable results with supervised models.

BLEU-ref Unsupervised
24

18

12

0
B VAE-SVG(100k) | VAE-SVG(50k)

" Seq2seq(50k)

B Seqg2seq(100k)
B VAE(unsupervised) M CGMH

34



Generating Adversarial Fluent
Sentence Generation

* Machine learning models are vulnerable to
noises and attacks.

« Generating fluent adversarial text is challenging,

due to the discreteness in text! (Ebrahimi et al., 2018;
Alzantot et al., 2018)

« Our MHA achieves higher attack success rate

[ reglly like this movie —| > 99% Positive (&

i truely like tl;is movie — —» 82% Positive (&

- : . Sentiment ..

| truely like the movie Classifier ositive =

we truely like the mo'vie — —» 68% Positive =

we truely like the show — - 59% Negative (* 2

MHA [H. Zhang, N Miao, H. Zhou, Lei Li, ACL193]



Generation under Combinatorial
Constraints

* Logical and Combinatorial constraints

n(x) = Py pmx;0) - @(x)

\=\p=f C— —
Language Constraint
Model

d(x) = M- 249 0 < B < 1

c¢;(x) is a formula or logical constraint. e.g. the first
word must be Wh- words.

Method: Tree search enhanced Metropolis-Hastings
details In TSMH [M. Zhang, N. Jiang, Lei Li, Yexiang Xue, EMNLP20e],,



Impact

« CGMH is deployed in a large-scale online
ads creation platform

* Active used by 100,000 merchants and
organizations

» Adoption rate: ~75%

Autumn [ \

"Sports shoes’ > Comfortable sports shoes,

a breathing pair of man's
shoes, accompanying you
iIn autumn




Glancing Transformer
(GLAT)

Lihua Qian, Hao Zhou, Yu Bao, Mingxuan Wang,
Lin Qiu, Weinan Zhang, Yong Yu, Lei Li




Autoregressive Seq Generation Model

LSTM, Transformer, GPT all generates token by token
sequentially

I'm happy =——= &

, BHR & X
Py |x) = Hpe(yily<i, X)
Issues: i=1

1. Auto-regressive factorization may not be ideal for
computer text generation (teacher forcing??)

2. Inefficient to generate long sequence

39



Non-autoregressive Decoding

Various techniques

proposed since 2018’s Yo yaﬁm Vs

vanilla Non- ( Decoder Block | .
autoregressive

Transformer (NAT) @ @ (@B @ @
NAT+CTC [Libovicky 2018] | 4

Flowseq [Ma 2019] D@ @@ @&

PNAT [Bao 2019] Soficopy

lterative NAT &) () xwemton
— CMLM [Ghazvininejad 2019] i

[ Encoder Block jXN

i

40
Non-autoregressive Neural Machine Translation [Gu et al, ICLR 2018]



Limitations of current NAT

* Vanilla NAT
— performance gap of 7 BLEU

* lterative NAT
— Need decode multiple times
— None or limited speedup
* Relies on additional separately trained
Transformer (AT)
— Knowledge distillation
— Re-ranking

41



Why is it Difficult?

- One input -> multiple candidate targets
CBIRE
< BERR

o~ FIRFF O

 The inconsistency during non-autoregressive

decoding
RE || B

I'm happy == I E R

I'm happy

42



Key Ildea: Progressive Training by
Glancing Language Model

Progressively learn to generate more complex
fragments or sequences from partial target hints

| sit on my chair, reading books and drinking milk.

drink milk, read books
/

milk, book :

.

43

Glancing Transformer [Lihua Qian, Hao Zhou, ... Lei Li, ACL21]



Glancing Transformer

H
* (b, h, hy h
o I
\\ _\A
Decoding L koW b X y
R B
ECE SRRV EEPA
Glancing ¢¢1¢
URGBRRE
NY,Y) = l Hamming
4*%0.5 Distance
4 N\
/\@\
{ Sampling ﬂ?}
0.8/ 0.5 [0.7| 0.6
\_ _ J
Replace
H Inputs
EF) h EMR) hy

Training GLAT

1. Copy encoder
embedding as decoder
iInput

2. Generate with current
model

3. Select tokens randomly
proportional to difference

4. Replace the original
decoder inputs with the
embedding of sampled
target words

Inference:

* Only single-pass predi@t



GLAT is the first Non-autoregressive
Model to get on-par with AT (<0.3 BLEU)

o A

2 17.5-

ks

0 15.0- *

A

> 12.517 % GLAT

-

= ® Transformer ¢

§ 10.0 NAT-base ' A

O 75 NAT-FT *

s 7
¢ NAT-DCRF ¢

O ®

> 5.01 A imit-NAT

EU > 5] B Mask-Predict

2 ® JM-NAT LIPS
22 24 26 28 30

WMT14 De-En Performance (BLEU) 5

Glancing Transformer [Lihua Qian, Hao Zhou, ... Lei Li, ACL21]



Impact: the 1st deployed Non-Auto model
5-15x speedup with comparable quality!

* Deployed on VolcTrans, for TikTok en->ja

' beautyera__ beautiful moment - 2019-12-23
you're bound to love trisPnature #view #heavenonearth

1 B8 - beautiful moment 4.0

3.0

2.0

1.0

Human evaluation score

0.0




Summary

* Disentangled Latent Representation
— VTM: Learning Latent Templates in Variational Space

— DSS-VAE: Disentangled syntax and semantic
representation

— DEM-VAE: Self identifying meaningful clusters with
corpus

* Bayesian approach to constrained text generation

— CGMH: generic framework to specify constraints and
generate

— MHA, TSMH

« Parallel Generation
— GLAT: 10x speedup with comparable performance 4



DGM Taxonomy

p@(x) — pdata(x)

[Maximum Likelihood Estimation] (Adversarial Learning]

Explicit Density) [Impllmt Densﬂy)\

(Tractable Density) (Intractable Density) [Energy based)

ReArlJ;s(,);ive Markov Parallel Latent Conditional || Constrained
9 L Factorization|| Factorization ||Variable Model EBM PM
Factorization

GLAT DSSVAE CGMH
PNAT DEMVAE TSMH
VTM MHA, MARS




Takeaway Message

Generation is fundamental for understanding data
Interpretability from probabilistic (discrete) latent
variable

— Variational methods to learn the intractable objective
Explicit control by enforcing constraints in
generation

— a generic method to adapt any pre-trained language
model

Thinking about serving: Need for Speed

— Glancing techniques will transform the text generation:
better and faster, both! How to achieve?

49



For the Community

Variational Template Machine
https://github.com/ReneeYe/Variational TemplateMachine

CGMH code and examﬁ\)ﬂles
https://github.com/NingMiao/CGMH

> a K 7=
L q)(d? "\ https://github.com/bytedance/lightseq
A high performance sequence processing lib

A https://translate.volcengine.cn

NIIEE:

50



Thanks

« Joint w/ Hao Zhou, Rong Ye, Ning Miao,
Wenxian Shi, Huangzhao Zhang, Yu Bao,
Mingxuan Wang, Shujian Huang (NJU), Lili
Mou (U. Alberta), Rui Yan (PKU), Maosen
Zhang (Purdue), Yexiang Xue (Purdue),
Nan Jiang (Purdue), Lin Qiu, Weinan
Zhang (SJTU), Yong Yu (SJTU)

» Papers / code / datasets can be found at
https://lileicc.github.io
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