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Photos resource: official websites and friends
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The reality is ......
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Xuanjing Huang Lucia Specia  Scott Wen-tau Yih

Opening Remarks from PC Chairs

Similarity-Based Bootstrapping

Phonology, Morphology
and Word Segmentation

Gold seed - 5 tables

10k Training data

Improved SOTA for low resource:
0.18 > 0.54

Photos resource: Internet, friends and me
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4834 abstracts

3717 full submissions

3600 papers reviewed
* 2540 long
* 1060 short 20

840 Accepted (23.3%)

* 650 long
190 short
0 1000 2000 3000 4000 5000
Plus Flndlngs (1 1 6%) B Abstracts [ Full Submissi;ns:A ccept;e:ge;\i/:gings. Accepted to Main Conference
* 300 long
* 119 short Prof. Huang EMNLP2021 opening remark
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Submission by Track

NLP Applications
Machine Learning for NLP

MT and Multilinguality
Information ExtractionI

Dialogue and Interactive Systems

Semantics: Lexical, Sentence ...

Interpretability and Analysis of...

Question Answering
Resources and Evaluation

Generation
Sentiment Analysis, Stylistic An...
Speech, Vision, Robotics, Multi...

Track

Summarization
Efficient Methods for NLP

IR and Text Mining
Computational Social Science...

r

Ethics and NLP
Syntax, Tagging, Chunking and...

Discourse and Pragmatics
Linguistic Theories, Cognitive...
\Phonology, Morphology and W..,

0 100 200 300

400
Submitted

Prof. Huang EMNLP2021 opening remark
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Program Committee Structure

PC Co-Chairs: 3
PC

Number of SACs: 46 ; .

SAC SAC

Number of ACs: 236

Number of (primary) [T [_ [T @ [_ [T

I *

Ireviewers: 3 91 12 l Reviewer l Reviewer | l Reviewer l Reviewer | l Reviewer
|

* Number of Secondary

Secondary
Reviewer

reviewers: 370

Prof. Huang EMNLP2021 opening remark
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Technical Review Process

7

Paper assignment
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J

SAC
Recommendation

Ethical Review
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Author response

Discussion
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Ethical Re-review
(for conditionally
accepted papers)
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y
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Best Paper Awards

* Selection process for best long / short papers
* SACs and ACs nominates papers
e PC identified 21 candidates for the best papers award
* Best Paper Award Committee assessed the candidates
* Best papers

e Best Long Paper -- Visually Grounded Reasoning across Languages and
Cultures

* Best Short Paper -- CHoRaL: Collecting Humor Reaction Labels from
Millions of Social Media

* What is the meaning of “Best™?

* Impactful / Insightful / Field-changing/ Very solid

Prof. Huang EMNLP2021 opening remark
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* Key points

* Main Conference
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Main Conference

Slides/figures are borrowed from the authors of respective presentation talk.
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Boosting Cross-Lingual Transfer via
Self-Learning with Uncertainty Estimation

Liyan Xu! Xuchao Zhang' Xujiang Zhao®
Haifeng Chen* Feng Chen® Jinho D. Choi'
"Emory University, { liyan.xu, jinho.choi}@emory.edu
'NEC Laboratories America, {xuczhang, haifeng}@nec-labs.com
SUniversity of Texas at Dallas, {xujiang.zhao, feng.chen}@utdallas.edu
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Background

 Cross-lingual transfer (CLT): model for one language — model for other language(s)
» Zero-shot: training on source language + inference on target languages

* Major direction: embedding alignment

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24 18
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Background

* Embedding alignment:

« Explicit word-embedding alignment: translation matrix
* Supervised (Mikolov et al., 2013, etc.)

* Unsupervised (Conneau et al., 2018, etc.)
» Shared/joint embedding space: multilingual pre-trained language models
* mBERT (Devlin et al., 2019)

* XLM-R (Conneau et al., 2020)

* mTg (Xue et al., 2021)

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24 19
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Motivation

* Practical scenarios:
* zero-shot?
* Annotation for target languages?

* Middle ground: unlabeled data of target languages

* Previous work: self-learning for multilingual document classification (Dong and
Melo, 2019)

* Predictions on unlabeled data of target languages

* a.k.a “pseudo labels”

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24 20
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Approach

 Self-learning framework for cross-lingual transfer
* w/ multilingual pre-trained LMs

* Making use of zero-shot capability

» Explicitjuncertainty estimation

* uncertainty estimation = pseudo label quality = CLT performance

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24 21
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Approach
* Iterative training and prediction:

* 1st iteration: ¢ :
* Train on gold labels of source language Training »| Prediction

* 1+ iteration: ; l

* Select top-k confident predictions of target languages : -

into training set Selection |« Uncesamty
Estimation

* |Need accurate uncertainty estimation

* New training set: more data for task-specific learning|and joint embedding alignment

* Termination: no more unlabeled data or early stop on dev set

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24 22
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Uncertainties

* Deep learning models are notorious for over-confident predictions

* High-dimensional space = sparse data points = imperfect decision boundary

* Two main types of uncertainties (Kendall and Gal, 2017; Depeweg et al., 2018)

* |Aleatoricluncertainty: intrinsic data uncertainty regardless of models

* Epistemic uncertainty: model uncertainty that can be explained away with more data

* This work: focus on aleatoric uncertainty

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24 23
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Uncertainty Estimation

* Adapt three uncertainty estimation techniques:
* Language Heteroscedastic Uncertainty (LEU)
* Language Homoscedastic Uncertainty (LOU)

* Evidential Uncertainty (EVI)

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24 24



Results
NER

« |Joint trainingjon all target languages helps

* Uncertainty estimation outperforms (best results by LEU).

£IA

low-resource languages

libaba Group
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* |Unlabeled data helps|even without uncertainty estimation (BL-Single).

(BL-Joint).

| en af ar bg bn de el es et eu fa fi frr he hi hu id it ja jv |
BL-Direct | 84.0 793 455 814 774 788 789 714 79.0 61.0 520 787 793 546 708 794 529 810 250 626
BL-Single | 84.0 789 569 845 793 809 81.6 729 80.7 632 548 805 819 63.0 739 81.7 543 821 365 609
BL-Joint 847 79.5 567 849 80.5 805 815 733 8l.2 640 551 812 821 626 76.6 8l1.6 545 83.0 372 63.5
SL-EVI 852 837 751 858 820 83.6 844 865 846 721 729 847 841 614 802 857 548 839 413 69.2
SL-LOU | 844 853 61.1 87.1 819 834 854 756 855 746 749 844 833 685 786 845 555 851 462 70.0
SL-LEU 847 81.5 700 87.6 83.6 846 855 850 856 778 810 86.2 831 620 795 87.0 534 848 495 653

| ka kk ko ml mr ms my =na pt ru sw ta te th tl tt  ur vi yo zh | avg
BL-Direct | 69.3 51.9 579 63.6 624 69.6 60.1 837 809 702 692 582 513 18 710 767 558 762 414 33.0| 644
BL-Single | 73.6 52.5 63.6 66.0 66.8 62.6 543 848 826 729 677 632 572 3.1 747 818 699 809 46.2 43.6 | 67.5
BL-Joint 73.6 534 636 675 679 643 530 848 832 735 697 63.1 574 36 76.1 81.8 715 814 548 43.7 | 68.3
SL-EVI 810 564 694 763 779 725 71.7 871 855 806 712 694 615 6.7 807 853 798 862 427 489|733
SL-LOU 788 58.7 702 754 794 738 712 864 862 792 733 695 688 47 834 884 859 858 49.1 505|738
SL-LEU 81.1 637 718 760 762 759 715 871 87.6 799 704 640 699 22 813 89.1 859 859 435 548 | 744

Mieradilijiang Maimaiti

EMNLP2021 Paper Sharing
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* Unlabeled data does not help

Results
XNLI

without uncertainty
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estimation (BL-Single).

« Uncertainty estimation outperforms (best results by LEU/LOU).

en ar bg de e e fr hi mw sw th tr ur vi zh | avg
BL-Direct | 88.5 780 825 818 805 838 829 748 787 61.5 767 78.1 715 794 782|789
BL-Single | 88.5 77.6 824 820 796 825 821 761 79.1 69.1 766 779 715 779 782|787
BL-Joint | 882 788 820 822 804 83.1 822 761 796 688 762 780 714 79.1 785 | 790
SLEVI |88.1 79.5 844 834 824 848 8§37 780 816 711 782 792 744 803 804 | 807
SLLOU | 882 810 844 835 823 848 839 789 818 739 793 801 757 816 814 | 814
SL-LLEU | 88.1 807 849 834 828 845 8§38 79.2 818 730 797 805 757 819 813 | 814

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24
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A Partition Filter Network for Joint Entity
and Relation Extraction

Zhiheng Yan, Chong Zhang, Jinlan Fu, Q1 Zhang and Zhongyu Wei

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24 27
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Task Definition

Born in
/ Born on \
r N \
' 3 ) (
_ PER [ DpAT | \LOCI

Bill Gates was born on Oct, 28 in 1955 and grew up in Seattle

NER| Identify boundary and type of entity

(RE| Identify relation between entity pair
Joint |Extract Relational triples

(Bill Gates (PER), Born_in, Seattle(I.LOC))

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24 28



ALIBABA DAMO ACADEMY

w—-',

Alibaba Group
LRSS

Limitations of Current Encoding Schemes

Sequential Encoding: Encoding
NER and RE with a pre-defined
order ->imbalanced interaction|

0 0 0 0
Capital_of 51 51 [0 [0 } uuuuuuu [o] |
Relation-Specific
. .
Relations : 2 Object Taggers
Work _in |2 |21 1° LF’ o] [o] [o] [o] fo] [o] [e] [o] [o] fo] o] [o]
=" o] [o] [e] [o] o] [o] [o] [o] [e] [e] [e] [e] [] [} [o] [o] [ ]
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Birth_place of|o]|o]|o ‘n 0 I uuuuuuuu u‘l’.nd Object
hy + vy
T f:'l fu. ,,,,, M somy
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A Novel Cascade Binary Tagging Framework
for Relational Triple Extraction [ACL 2020

Mieradilijiang Maimaiti

EMNLP2021 Paper Sharing

Parallel Encoding: Encoding NER
and RE with independent encoders
->linsufficient interaction

(a) Entity model

Method Method Task
t 1
e 0 ) e B B 0 SR

(b) Relation model

HY[’()N'YM-OF
[ 1
|<S:W>| @I ##pa “</S:Md>| E]Ilmplcmemtdl |<O:DM>| E] I</O:Md>| E E] E] D
USED-FOR
t

[ 1
(] ) ) () ) e[ i) [ o) ) (@8] (] (I

A Frustratingly Easy Approach for Entity and
Relation Extraction [NAACL 2021]

2021/11/24
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Our Solution — Joint Encoding

Joint Encoding: Encoding task-specific feature
with a joint encoder — Partition Filter Encoder

Partition: a set of cell neurons into
intra-task partition and inter-task partition

with two|scissor gates |

Filter: | Generate task-specific feature with shared
partition and corresponding task partition

Enforcing bilateral interaction between

NER and RE:

* Partitions are generated with the joint effort of entity and relation gates

* Information in shared partition in evenly accessible to both tasks

Mieradilijiang Maimaiti

EMNLP2021 Paper Sharing

2021/11/24

(b) Inner Mechanism of Partition Filter
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Encoder - Partition

1. Identify cut-off points ac RE-Specific
scissor gates 171 |
( & ) Shared
. s %\‘ e —— -, =
2. Generate three partitions NER-Specific
with the gates
Cell State NER RE Partition

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24 31
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Encoder - Filter

Partition Result
Entity Partition - Information reserved for NER only
Relation Partition — Information reserved for RE only
Shared Partition — Information valuable to both tasks

Feature Extraction
Entity Feature = Entity Partition + Shared Partition
Relation Feature = Relation Partition + Shared Partition

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24 32
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Decoder —([Table Filling

NER Table
Word Pair prediction : Entity Span
Table Type|: Entity Type T~

Triple Extraction: Subj-Obj

RE Table Triple (head + tail token)

Word Pair prediction : Subj-Obj —_—
Triple (head token)
Table Type|: Relation Type

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24 33
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Method NER RE
NYT &
CopyRE (Zeng et al., 2018) 86.2 58.7
GraphRel (Fuetal, 2019) 89.2 619 ACEO4 A
g::iﬁ&ff‘;f:l‘_’a;ég;?) . ;3:; Structured Perceptron (Li and Ji, 2014)  79.7 453
TpLinker (Wang et al., 2020b) t = 91.9 SPTree (lea and Bansal, 2016) 81.8 484
PFN’ 95.8 924 Multi-turn QA (Li et al., 2019) 83.6 494
WebNLG A Table-Sequence (Wang and Lu, 2020) 886 596
CopyRE (Zeng et al., 2018) 82.1 37.1 PURE (Zhong and Chen, 2021) : 88.8 60.2
GraphRel (Fu et al., 2019) 91.9 429 PFN* 89.3 62.5
CopyRL (Zeng et al., 2019) - 616
Casrel (Wei et al., 2020) ' (95.5) 91.8 SciERC 4
TpLinker (Wang et al., 2020b) ' - 919 SPE (Wang et al., 2020a) * 68.0 346
PEN" 98.0 93.6 PURE (Zhong and Chen, 2021) § 66.6 356
ADE & PFN' 66.8 38.4
Multi-head (Bekoulis et al., 2018b) 86.4 74.6
Multi-head + AT (Bekoulis et al., 2018a) 86.7 75.5 Table 1: Experiment results on six datasets. *’
Rl Mesr'c (Uan vl KayulstiL JO19): 872 970 ! and ¥ denotes the use of BERT, ALBERT and
SpERT (Eberts and Ulges, 2019) 89.3 79.2 :
Table-Sequence (Wang and Lu, 2020)°  89.7 80.1 SCIBERT(Devlin et al., 2019; Lan et al., 2020; Beltagy
PEN" 89.6 80.0 et al., 2019) pre-trained embedding. A and A denotes
PFN* 91.3 83.2 the use of micro-F1 and macro-F1 score. NER results
ACEOS & of Casrel are its reported average score of head and tail
Structured Perceprron (Li and Ji, 2014)  80.8 49.5 entity. Results of PURE are reported in single-sentence
SPTree (Miwa and Bansal, 2016) 834 55.6 setting for fair comparison.
Multi-turn QA (Li et al., 2019) 84.8 60.2
Table-Sequence (Wang and Lu, 2020) £ 895 643
PURE (Zhong and Chen, 2021) * 89.7 65.6
PFN* 89.0 66.8

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24 34
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Few-Shot Intent Detection via Contrastive
Pre-Training and Fine-Tuning

Jian-Guo Zhang'; Trung Bui’, Seunghyun Yoon’, Xiang Chen®, Zhiwei Lin®
Congying Xia', Quan Hung Tran, Walter Chang?, Philip Yu'
" University of Illinois at Chicago, Chicago, USA
“Adobe Research, San Jose, USA

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24 35
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Intelligent Assistants

Google Now Siri Cortana echo

wil_Verizon 7 6:57 PM 4 59% W)

. i ! ? !/ f h
What can | help you with? Will it rain tomorrow Set an alarm for eight a.m.

¢ Siri find me a nearby

X How many teaspoons
Mexican restaurant 99 y teasp

are in a tablespoon?

Play music by
Bruno Mars

| found a number of Mexican 7 Buy asparagus

restaurants... 24 of them are

Add gelato to my Wikipedia: Abraham

fairly close to you: When you get to Whole shopping list Lincoln
Chilitos Restaurant Foods Market
3850 Foothills Road 2201 Wilshire Bivd, Santa Monica

3 = When is Play my “dinner party”

Mesilla Valley Kitchen ety Hne Thanksgiving? playlist

)01 East Lohman Avenue

2 miles Remind

What's the weather in Add “make hotel reservations”

remind me to get asparagus when | go to
the market

Los Angeles this weekend? to my to-do list
may the force be with you

Chit-Chat
(social bots)

Task-Oriented

Image Credit: Jason Wu

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24 36
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Intent Detection

Is a key component in task-oriented dialog systems

Alibaba Group

WECESD

e Given a[collection of utteranced with labels, train a model to estimate
labels for new utterances.

User

Mieradilijiang Maimaiti

/[ find a good eating place for Chinese food J

Find_movie

Buy tickets
Find_restaurant
Book_table
Find_lyrics

EMNLP2021 Paper Sharing

2021/11/24

©379



AR e Alibaba Group
AR : - WEEERD

Challenges for Intent Detection

e Data Scarcity: It is expensive to have many training examples

e Balanced K-shot learning: Assume that we have K examples for each of the
N classes in our training data

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24 38
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Challenges for Intent Detection

e |t could be more challenging when there existimany fine-grained intents

2 How can | go about ordering a virtual card? getting_virtual_card |r
p How do | get a disposable virtual card as well? get_disposable_virtual_card L

ﬂ p Where is this card accepted? card_acceptance Ir ?v-;
P My new card hasn't come in. card_arrival L

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24 39
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Challenges for Intent Detection

e |t could be more challenging when there exist many fine-grained intents

e User utterances may be semantically similar across different intents

p Will my card be here soon? card_delivery_estimate ‘ |
g When will | get my card shipped to me? card_delivery_estimate ‘r

ﬁ < Can | track when my card will be delivered? card_arrival ‘r > ~..,.‘
4 My new card hasn't come in. card_arrival \r

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24 40 ()
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Few-shot Intent Detection

e Data scarcity: There are only a few examples for each intent class

e [ine-grained scenario: There are semantically similar intents

e How to correctly identify (fine-grained) user intents with limited
training examples?

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24 41
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A few-shot Intent Detection Schema

e Stage-1: Self-supervised |contrastive pre-training|on collected intent datasets,
which implicitly learns to discriminative semantically similar utterances without
using any labels.

e Stage-2: Few-shot supervised contrastive learning to help the model|explicitly

learn to|pull utterances from the same intent close and |push utterances| across
different intents apart.

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24 42
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Stage-1: Self-Supervised Pre-Training

e Train a model on collected intent datasets without using any labels

e | Self-supervised contrastive learning:

o Positive pair: Sentence A, sentence_A with a few randomly and
dynamically masked tokens.

o Negative pair: All other pairs that are non-diagonal in the batch.

e Mask language modeling loss to enhance the token-level utterance
understanding:
Lom = —77 O 10g Plam),

m=1

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24 43
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Stage-2: Supervised Fine-Tuning

Given very limited training examples for each intent

e | Supervised contrastive learning:

o Positive pair: Two utterances from the same intent class; the utterance
and itself.

o Negative pair: Two utterances from different classes, i.e., all other pairs
in the batch.

e |Intent classification|loss learns to classify utterances on a few training
examples:

1 C N
Lintent = NZZIOgP(Cj;ui)y

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24 44
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Overall Performance

e CPFT vs. CONVBERT+MLM: +3.21% (BANKING77, 10-shot), +2.61%
(HWU64, 10-shot)

o Itis much better than task-adaptive learning.

CLINC150 BANKING77 HWU64
Model 5-shot 10-shot | 5-shot 10-shot | 5-shot 10-shot
RoBERTa+Classifier (Zhang et al., 2020a) 87.99 9155 | 7404 8427 | 75.56  82.90
USE (Casanueva et al., 2020) 87.82 90.85 | 7629 8423 | 77.79  83.75
CONVERT (Casanueva et al., 2020) 89.22 9262 | 7532 8332 | 76.95 82.65
USE+CONVERT (Casanueva et al., 2020) 9049 9326 | 77.75 85.19 | 80.01 85.83
CONVBERT (Mehri et al., 2020a) - 92.10 - 83.63 - 83.77
CONVBERT + MLM (Mehri et al., 2020a) - 92.75 - 83.99 - 84.52
CONVBEKI + Combined (Mehn et al., 2020b) - 9377 - 385.95 - 80.28
DNNC (Zhang et al., 2020a) 91.02 93.76 | 8040 86.71 | 8046 84.72
CPFT 92.34 9418 | 80.86 87.20 | 82.03 87.13

Table 2: Testing accuracy (x100%) on three datasets under 5-shot and 10-shot settings.

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24 45



Alibaba Group

¢ . .
248 s WEPRED

Is contrastive pre-training beneficial to the target
intent dataset?

e Stage-1: Contrastive pre-training on the datasets except for HWUG4
e Stage-2: few-shot learning on HWUG4

e Stage-1 + Stage-2 vs. Stage-2 only: +1.98% (5-shot), +1.21 (10-shot)

o Answer: Yes

e The performance drops when compared to Stage-1 with contrastive pre-
training on all datasets including HWUG4
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Outline

 (Conference

* Key points
e Main Conference

e Poster
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Slides/figures are borrowed from the authors of respective presentation talk.
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Improving Question Answering Model Robustness
with Synthetic Adversarial Data Generation

G tFacebook Al Research  "USC

Max Bartolo* Tristan Thrush* Robin Jia** Sebastian Riedel * Pontus Stenetorp * Douwe Kiela*

Max Bartolo

@ maxbartolo.com N
2 LP
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Beat th = Al (Bartolo et al., 2020)
1. Human generates question g and 2. (p, q) sent to the model.
selects answer ap for passage p. Model predicts answer am.
4(b). Human loses. 3. F1 score between anand amis

calculated; if the F1 score is greater than
a threshold (40%), the human loses.

4(a). Human wins. The human-sourced
adversarial example (p, q, an) is collected.

The process is restarted (same p).
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Synthetic Adversarial Data Pipeline

"Old English was not static, and its usage
covered a period of 700 years, from the
Anglo-Saxon settlement of Britain in the 5th
century to the late 11th gentury ... Albert <4+— ilei i
Baugh dates Old English from 450 to 1150, a wi klped b
period of full inflectiops, a synthetic
language. Perhaps arour(d 85 per cent ..."

(ii)

<s> .. settlement of Britain </s> 0ld English was not .. </s>

RoBERTa 1 5th century

RoBERTa 2 450

soerem—— i ‘g

RoBERTa 3 5th century

When did 0Old
English begin 1
to be used?

\

RoBERTa 4 450

RoBERTa 5 5th century

5th century

(iv) l

Q: When did Old English begin to be used?
A: 5th century

RoBERTa 6

____j_____
v

e
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Better Domain Generalisation

MRQA in-domain

Alibaba Group

MEREPEE

Mo SQuAD NewsQA TriviaQA SearchQA HotpotQA NQ Avg
EM Fi EM Fi EM Fi EM Fi EM Fi EM Fi EM F,
Rsquap 84.113 90413 41.012 57516 60207 69.008 16.018 20.827 53.608 68.995 40.527 58.520(49.2 60.9
Rsquap+aQa [ 84.410 90211 41.716 58.017 62.704 70.803 20.629 25536 56311 72.019 544095 68.704|53.3 64.2
SynQA 88.803 94.302 42916 60.0;4 6231, 7021 23.737 29.544 59811 75310 55.1;0 68.703|55.4 66.3
SynQAgx | [ 89.003 94.30> 46.209 63.10s 58.118 65.519 28.732 34.341 59.605 75.504 55.31;1 68.809|56.2 66.9
MRQA out-of-domain
Model BioASQ DROP DuoRC RACE RelationExt. TextbookQA Avg
EM F, EM F; EM Fi EM F; EM F; EM F EM F,
Rsquap 53.211 68.614 39.826 52.722 49.3¢07 60.308 35.110 47.812 74.130 84.4,9 35.033 44.257(47.7 59.7
Rsquap+aga | 54.612 69.4053 59.813 68.4,5 51.8,, 62.2,p 38.409 51.609 75423 85.824 40.13; 48.236(53.3 64.3
SynQA 55.1,5 68.712 643,15 72517 51.713 62.190 40.2,> 54.2,3 78.10> 87.802 40.2;3 49.2,5|54.9 65.8
SynQAgx | | 54.913 68.500 64.91;1 73.000 488> 58.012 38.604 52206 78904 88.60> 41.4,; 50.2,p|54.6 65.1

Table 8: Domain generalisation results on the in-domain (top) and out-of-domain (bottom) subsets of MRQA.
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MetaTS: Meta Teacher-Student Network for Multilingual
Sequence Labeling with Minimal Supervision

Zheng Li!, Danqing Zhang 1, Tianyu Cao?, Ying Wei?, Yiwei Song?, Bing Ying?!
L Amazon.com Inc

2City University of Hong Kong

amazon
e
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& Multilingual Sequence Labelin

2 g g g R
Sequence labeling: Multilingual
+ token-level classification (NER, ABSA, SRL,...) . |Exacerbated data scarcitylwhen we meet multiple
+ |expensive and time-consuming/human labeling languages
NER

Label: Brand ProductLine Size ProductType

Query: mackie profx6v3 6-channel mixer
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& Semi-supervised Learning (SSL)

Small labeled data Large unlabeled data

— English

German
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Teacher
network

No feedback

for how

‘C(f(X? BT)a

</

well

EMNLP2021 Paper Sharing

f(X;05))
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Self-training via Teacher-Student Network

Student
network

the |pseudo labels

are
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& Student Network EE

labeled data for language [; {(Xiﬁu Yﬁh) }%1—1

 Hard pseudo labels from the teacher unlabeled data for language I; {)’“(% }f‘zﬁ

......

ol
i) = arg max fy, o(Xi: 351)). teacher @7
student Og
+ Student training on pseudo-labeled data De Fr o Bl Ja
M i
Pseudo-labels (Choice #1)
a(t-i—l) =arg mln ~ Z E(Yl (t), f (X eg))) -Iff-er-e:uie-> mackie p;:f:::-::ai-;:a(g::li;i;:; with usb [:] A e

= : mackie profx6v3 6-channel mixer with usb
. Pseudo-labels (Choice #3)
II I mackie profx6v3 6-channel mixer with usb
ull

Teacher I
mBERT
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b=
& Teacher Network 2
» Teacher loss 1 2 Y
y Pseudo-labels (Choice #1)
- Inference mackie profx6v3 6-channel mixer with usb
ET £Sup + Ereg + Emeta" _______ > Pseudo-labels (Choice #2) [:] ATl
mackie profx6v3 6-channel mixerwithusb | |

Pseudo-labels (Choice #3) et
mackie profx6v3 6-channel mixer with usb

» Supervised loss on labeled data

Semi-supervised
learning

Teacher

Lsup g Lreg

Lo = 77 Ze(w (X3 07))).

De Fr En - Ja
S T & o0
Improve (-) T s,lab : :
; :  degrade (+) ° loss on i i
» Regularization loss on unlabeled data K - © labeled data e !
M N | Meta Leamning Lineta | " L's‘,'a(;l
£reg M l E ]I (z ]_0g zg,n_ Figure 1: The framework of the Meta Teacher-Student Network (MetaTS).
%

mn=1

enforce consistent prediction on unlabeled samples and augmented version (Gaussian noises)
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Method (Span FI)| En | Es | De | NI | Avg | A Method (Span FI)| En | Fr | Bs | Tt [ NI [Ru [ Avg | A
Fully-supervised Baselines (1% labeled data) Fully-supervised Baselines (10% labeled data)

mBERT (Single) | 83.03 [75.62| 67.31 | 73.67 | 74.91 |(+5.91)
mBERT (Multi) | 82.54 |{79.90| 73.32 | 79.78 | 78.88 |(+1.94)
Semi-supervised Baselines (1% labeled data)

mBERT (Single) | 49.39 | 40.89 | 52.38 | 27.75 |38.06 |44.12| 42.10 |(+10.50)
mBERT (Multi) | 55.85 | 47.61 | 58.37 | 29.24 |46.51|46.15| 47.29 | (+5.31)

MT (KL) 83.52 [77.99] 73.40 | 80.71 | 78.91 [(+1.91) Semi-supervised Baselines (10% labeled data)

MT (MSE) | 84.25 |79.45| 73.95 | 79.98 | 79.46 |(+1.36) MT (KL) | 56.64 | 47.06 | 60.76 | 28.38 [46.80|49.56] 48.20 | (+4.40)
VAT 83.70 |78.27| 73.02 | 81.00 | 79.00 |(+1.82) MT (MSE) | 54.56 | 48.53 | 60.88 | 30.65 |47.26|50.28| 48.69 | (+3.91)

NoisyStudent | 82.54 \79.21) 71.08 | 78.38 | 77.80 | (+3.02) VAT 54.12 [ 46.03 | 58.84 | 33.99 [46.47 |50.35| 48.30 | (+4.30)

BOND (hard) | 82.75 |78.31| 75.74 | 80.29 | 79.27 |(+1.55)
BOND (soft) | 85.26 (78.39| 75.21 | 78.40 | 79.32 |(+1.50)
BOND (soft-high) | 84.62 (79.87 | 72.68 | 80.31 | 79.37 |(+1.45)

NoisyStudent | 55.90 | 47.13 | 56.89 | 34.92 {47.53|49.11| 48.58 | (+4.02)
BOND (hard) | 57.36 | 48.84 | 59.71 | 36.62 |46.98 |48.56 | 49.68 | (+2.92)

MetaT$ (Ours) |85.67780.05|76.231 | 81317 [80.827 | - BOND (soft) | 56.34 | 50.40 | 61.95 | 33.78 |50.62 |48.14| 50.21 | (+2.39)
Upper Bound (100% labeled data) BOND (soft-high) | 56.70 | 49.74 | 61.08 | 35.62 |47.48 [51.42| 50.34 | (+2.26)
mBERT (Full) |90.34 |85.99] 81.66 | 89.43 | 86.85 | - MetaTS (Ours) |59.45" |54.29 |62.907 |37.157 |50.27 |51.51|52.607 | -
Upper Bound (100% labeled data)
Table 4: The results (%) on multilingual open-domain mBERT (Full) | 61.54 [ 57.76 | 65.80 | 43.11 |58.19]56.44] 57.14 | -
NER. A refers to the improvements. T means the statis-
tically significant improvement over the best baseline Table 5: The results (%) on multilingual E2E-ABSA.

with paired sample t-test p < 0.01.
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Outline

 (Conference

* Key points
e Main Conference
e Poster

e Tutorials
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Tutorials

Slides/figures are borrowed from the speakers of respective presentation talk.
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UNIVERSITY OF UNIVERSITY OF UCSanDiegO I
f
I NOTRE DAME ILLINOIS  ubBD i cocwomsancensmmr:  C@

EMNLP 2021 Tutorial

Knowledge-Enriched Natural Language Generation

Wenhao Yu!,  Meng Jiang!,  Zhiting Hu?>, Qingyun Wang®, Heng Ji’>#4, Nazneen Rajani’

1 University of Notre Dame 2 University of California San Diego
3 University of Illinois at Urbana-Champaign 4 Amazon Scholar 5 Salesforce Research
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& 85 Final 9% @& R gp Final » 95 @

ROCKETS LAKERS STATS NEWS

Text generation is needed everywhere in our life!

LOS ANGELES -- — Carmelo Anthony scored 23 points in a

Player Min Reb Ast Pis reserve role and Russell Westbrook added 20 points in the Los
7 6 LeBron James - F 3 7 8 15 Angeles Lakers’ 95-85 victory over the Houston Rockets on
A cute little in a heart oo it
9 Kent Bazemore - F 7 2 1 9 SUDAAY TASTL,

drawn on a sandy

BATOn Baviar o B 13z 18 Anthony Davis had 16 points and 13 rebounds, and LeBron
0 Russell Westbrook - G % 8 9 20 James scored 15 points in the Lakers’ fourth win in five games
20 Avery Bradley - G 3 3 0 2 after opening the season with two losses. Westbrook added eight
7 Carmelo Anthony 2% 3 0 23 rebounds and nine assists.
DA Hoaves 2E& %2 Eric Gordon scored 17 points and Christian Wood had 16 for the
walking (1 11 Malik Monk 92 0 0 Rockets, who lost their fourth straight at the start of a five-game
little on top of a 10 DeAndre Jordan 17 3 2 8 road trip.
Image Captioning: Sports News Generation:
Image-to-Text Generation Table-to-Text Generation
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Text-to-text generation is needed everywhere!

Alibaba Group
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salesforce
ucso

* PYIX) = P(yy, -, Ymlxq, -, %n) =

00X, y1,,¥e-1), when Y is text and X is text.

What should | wear outside today? ’ X
[ ]

The temperature will be 85 at noon.
You can wear short sleeve shorts.

4
&,

Dialog systems

assembled crowd. ...”

“.. Her husband was one of
17 people killed in January’s
terror attacks in Paris. ...
Valerie Braham said to the

“... Philippe
Braham was

—— | killed in the
January’s

X terror attacks. Y

Summarization

X

“.. (Two years after, Maria was born ... ) ...
Her brother gave her a hug. ...”

} '
“ooo utGFFL T H—AK KM,

“... The game ended with the umpire
making a bad call, and if the call had
gone the other way, the Blue Whales
might have actually won the game. It
wasn't a victory, but | say the Blue
Whales look like they have a shot at
the championship, especially if they
continue to improve.” 74

“... The match ended with the referee
calling wrongly, and if the call went
the other way, the Blue Whales could
already win the match. It was not a
victory, but | say that the Blue
Whales seem to have a chance in
the championship, especially if they

Machine Translation

Mieradilijiang Maimaiti

g\

Paraphrasing

EMNLP2021 Paper Sharing

keep improving.” 74
J |
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Knowledge is heeded everywhere in text generation! ﬂ u)l@n I

* Mistakes may occur|due to lack of knowledge.

e

What should | wear outside today?

" J

! N
The temperature will be 65 85 at noon.

“... Her husband was one of
17 people killed in January’s
terror attacks in Paris. ...
Valerie Braham said to the

You can wear short sleeve shorts.

.

Dialog systems

“.. (Two years after, Maria was born ... ) ...
Her brother gave her a hug. ...”

!

“oo WS F T T H— Ak K
é@;}}ﬂé@_ o5

Machine Translation

assembled crowd. ...”

Braham

—— | Philippe Braham was
killed in the January’s
terror attacks. ...”

Summarization

“... The game ended with the
umpire making a bad call, and if
the call had gone the other way,
the Blue Whales might have
actually won the game. It wasn’t
a victory, but | say the Blue
Whales look like they have a shot
at the championship, especially if
they continue to improve.”

“... The match ended with the referee
calling wrongly, and if the call went
the other way, the Blue Whales

could V¥ already win the

match. It was not a victory, but | say
that the Blue Whales seem to have a
chance in the championship,
especially if they keep improving.”

Paraphrasing

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing
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Knowledge-Enriched Natural Language Generation (KE-NLG)

Key questions: (Outline of this tutorial)

K Knowledge

X — — Y

Input text Output text

Where does the Knowledge come from? In
other words, what are the Knowledge sources?
What are the data/representations of
Knowledge?

What are the methods for integrating
Knowledge into NLG models? How to utilize
different types of Knowledge?

What are the concrete NLG models/techniques
that have been enhanced by Knowledge?
What are their advantages and
disadvantages?

Where can we find benchmark datasets, code
library, and hands-on tutorial for doing
research on this topic?

What are the remaining challenges and future

directions? ;
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Google @ DeepMind IBM Research

Multi-Domain Multilingual Question
Answering

Sebastian Ruder and Avirup Sil
Google, IBM Research Al
Twitter y: @seb_ruder, @aviaviavi__

Date of the tutorial: November 11, 2021
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Who are we?

Sebastian

e Research scientist at DeepMind e Principal Research Scientist & Manager
e Author of multilingual benchmarks e Area Chair for QA at NAACL, ACL etc.

(XQUAD, XTREME) and multilingual e Several QA publications incl. the IBM

models (RemBERT) GAAMA system

o Top ranked on Natural Questions,
Previously at: Now at: TyDI, XOR TyDI
Q) DeepMind Google IBM Research
2
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Disclaimer: This tutorial is our/own opinion & findings

e | Not Google's, DeepMind’s or IBM's

e Please look into the licensing documentation of the individual models + datasets

e We're not|promoting the use of any particular model and/or datasets

e |(Slides / figures are borrowed from the authors of respective papers|(either via
personal communication or from the internet)

e This tutorial is by no means exhaustive: we've tried our best to include relevant

materials
o there might still be some publications which we may have missed.
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Links

e Check out the latest information regarding the
tutorial on the GitHub page:

https://github.com/sebastianruder/emnlp2021-multiga-tutorial

e You can find the slides at:
https://tinyurl.com/multi-ga-tutorial

Y

e Tweet : #multiga-tutorial
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https://tinyurl.com/multi-qa-tutorial
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Outline

* Conference

* Key points
 Main Conference
* Poster

e Tutorials
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Slides/figures are borrowed from the authors of respective presentation talk.
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Data Augmentation of Incorporating
Real Error Patterns and Linguistic Knowledge
for Grammatical Error Correction

Xia Li and Junyi He
School of Information Science and Technology
Guangdong University of Foreign Studies, Guangzhou, China

xiali@gdufs.edu.cn, zeonngai ho@l63.com
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Example:
[ This are an correct sentence. ] = [ j
GEC Model :
: [ This is a correct sentence. ]

2. Motivation
(2) Limitations of Current GEC DA Methods

Many GEC studies augment training data by@roducing random errors
(random deletion, random replacement, etc.)[into| texts.

It will generate unreal and low-quality synthetic errors which could be
further propagated into the GEC model and/harm its performance.

Examplej [original sentence: This is a correct sentence. ]

[augmented sentence: point This what a correct. J
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3. Our Method

We propose a novel data augmentation method for the GEC task
containing four noising schemes, which generates:

* more real & high-quality synthetic data.
* more representative & diverse synthetic data.

Noising Scheme Characteristics

* Uses real error patterns manually annotated by human experts
* Introduces real & high-quality grammatical errors

Synonym noising scheme
* Incorporates|linguistic knowledge

Inflection noising scheme - x ;
& * Introduces representative & diverse grammatical errors

Real error pattern based noising scheme

Functional word| noising scheme
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3. Our Method

[ There is a cat there! ]

Overview Architecture

cat cats

[ Time for school. ]

----------------------------------------------------------------------- oy [There Is a cats there! ]
- Data augmentation Noising Schemes \

time moment

[ I am hungry. J

b

[ pseudo data ]_’
[ Moment for school. } (clean data)

~ Pre-training

GEC Model

8

{ Fine-tuning {}

Training data Pre-trained Training data
(source) GEC Model (target) E

[ Me am hungry. ]
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Datonct #Pairs Split Noising Scheme Precision Recall Fj 5
: - All 28.9 7.1 18.0
FCE-train 32,073 Train
: - Real Pattern 24.1 6.6 15.7
NUCLE 57,119 Train
s - Synonym 28.1 6.9 17.4
Lang-8 1,097,274  Train :
CoNLI 3013 1381 Valid - Inflection 25.0 6.6 16.1
ey ’ 2 - Functional Word  26.6 68 168
CoNLL-2014 1,312 Test
OBC (partial) 4.5M Pretrain Table 8: Contribution of each noising scheme. The first
row (All) is the result of using all noising schemes. And
Table 4: Summary of each dataset. #Pairs indicates the the remaining are the results of removing one of the
number of sentence pairs in each dataset. noising schemes each.
Model #Pseudo Data P R Fys
Vanilla Transformer-copy OM (w/o pre-training) 65.8 29.3 52.7
Pre-training Decoder (Zhao et al., 2019) 30M 680 350 572
Denoising Auto-encoder (Zhao et al., 2019) 30M 69.0 37.0 58.8
Error type w/ Data selection (Takahashi et al., 2020) 10M 69.1 345 57.6
[ Real Error Patterns & Linguistic Knowledge (Ours) (sm) 69.0 383 [59.4)
Lichtarge et al., 2019 (Lichtarge et al., 2019) 170M 65.5 37.1 56.8
Kiyono et al., 2019 (Kiyono et al., 2019) 70M 679 44.1 613

Table 6: Experimental results of the GEC models. The first section lists the result of the vanilla Transformer-
copy model without pretraining. The second section lists results of our proposed method and several baselines for
comparison, all of which are based on the Transformer-copy architecture. "Ours" denotes our method. We also
collect results of some relevant works in the third section. #Pseudo Data indicates the amount of pretraining data
used by each model. Bold indicates the highest score in each column.
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Conclusion
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* Self-supervised Learning
 MT, QA, NER
 + PTM, + Contrastive learning
* Contrastive Learning
* Data augmentation + Curriculum learning
* Prompting/prompted
* Curriculum learning + sequence generation
* Jointly training
* Joint encoding

* Joint Pre-training
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Thank You!

Mieradilijiang Maimaiti EMNLP2021 Paper Sharing 2021/11/24 80



: , Alibaba Group
———- .
!ié%% - NECEERD

Any  Questions ?

Questions diverses ?

This inspiration comes from Dzmitry Bahdanau @ ICLR2014
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