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INTRODUCTION MAIE (R wreon

* [o comprehend human language Is essential in Al

 Machine Reading Comprehension (MRC) has been a trending topic in recent NLP

research
-«!i

Cognitive
Intelligence

Perceptual
ntelligence

Computing
Intelligence
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INTRODUCTION

e Machine Reading Comprehension (MRC)

RIAHE
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* Jo read and comprehend a given article and answer the questions based on it

 Type of MRC

e Cloze-style: CNN /

Daily Mail (Hermann et al., 2015), C

o Span-extraction: SQUAD (Rajpurkar et al., 2016)

* Choice-selection: MCTest (Richardson et al., 2013),

e Conversational: CoQA (

Y. Cui, W. Che, T. Liu, B. Qin, S. Wang, G. Hu 4 /40
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ST (Hill et al., 2015)

— (Lai et al., 2017)

Reddy et al., 2018), QUAC (Choi et al., 2018)
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INTRODUCTION HAME

* Problem: Most of the MRC research is mainly for English

e | anguages other than English are not well-addressed due to the lack of data

TriviaQA
NaturalQuestions HotpotQA
. | . c3
NarrativeQA CNN / DailyMail WebOA
MultiRC souap  CLOTH PD&CFT  CMRC 2018
DuoRC ARC DRCD CIRC
MCTest QUAC RACE DuReader
DROP CMRC 2019 CMRC 2017
MS MARCO .-  DREAM ChID
SCT
NewsQA CoQA
SearchQA
RecipeQA
A English MRC Datasets A Chinese MRC Datasets
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* How to enrich the training data in low-resource language?

e Solution 1: Annotate by human experts

OSSN

2N\
\‘\Y V/’V

High quality but... Time-consuming Expensive
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INTRODUCTION dB.....

* How to enrich the training data in low-resource language?

* Solution 2: Cross-lingual approaches

* Multilingual representation, translation-based approaches, etc.

English

Traditional

100K

Chinese
20k
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INTRODUCTION RAWE

e Contributions

* \We propose a new task called Cross-Lingual Machine Reading Comprehension (CLMRC)
to address the MRC problems in low-resource language.

e Several back-translation based approaches are presented for cross-lingual MRC and yield
state-of-the-art performances on Chinese, Japanese, and French data.

 Propose a novel model called Dual BERT to simultaneously model <Passage, Question> in
both source and target language.

 Dual BERT shows promising results on two public Chinese MRC datasets and set new state-
of-the-art performances, indicating the potentials in CLMRC research.
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RELATED WORK

e Asal et al. (2018) propose to use runtime MT for multilingual MRC

®ij amlll

————————————————————————— attention scores - ------------------—--——,

Question in | ()7, p Question in
Target > Pivot
Language Attentive Neural Language Extractive (5 e)
Machine Reading ) Phrase Lo (s7.€
Translation Comprehension Alignment (sL,€L)
Contextin | C'; Model Cp Context in Model
Target > Pivot
Language Language

1. Translation into pivot language

Y. Cui, W. Che, T. Liu, B. Qin, S. Wang, G. Hu

2. Extractive RC in pivot language
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RELATED WORK RAWE

e Contemporaneous Works (not in the paper)

e XQA: A Cross-lingual Open-domain Question Answering Dataset (Liu et al., ACL 2019)

* Propose a cross-lingual QA dataset

* (Cross-Lingual Transfer Learning for Question Answering (Lee and Lee, arXiv 201907)

* Propose transfer learning approaches for QA

* /ero-shot Reading Comprehension by Cross-lingual Transfer Learning with Multi-lingual
Language Representation Model (Hsu et al., EMNLP 2019)
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e Task: Span-Extraction Machine Reading S(Q g /A\ D’

COmprehenSi()n The Stanford Question Answering Dataset
_ Oxygen
¢ SQUAD (?ajpurkar et al., EMNLP 201 6) The Stanford Question Answering Dataset

¢ 3388896 FrOm Wl kl ped |a pag GS, Seg meﬂt IﬂtO SGVG ra‘ In the meantime, on August 1, 1774, an experiment conducted by the British

clergyman Joseph Priestley focused sunlight on mercuric oxide (HgO) inside a
Sma” p arag raph S glass tube, which liberated a gas he named "dephlogisticated air". He noted that

candles burned brighter in the gas and that a mouse was more active and lived
longer while breathing it. After breathing the gas himself, he wrote: "The feeling

" . | | ' of it to my lungs was not sensibly different from that of common air, but | fancied
* (Question: Human-annotated, including various query vlune sensibly . .
that my breast felt peculiarly light and easy for some time afterwards." Priestley
published his findings in 1775 in a paper titled "An Account of Further

types (What/When/Where/WhO/ qOW/Why! etC ) Discoveries in Air" which was included in the second volume of his book titled
Experiments and Observations on Different Kinds of Air. Because he published
his findings first, Priestley is usually given priority in the discovery.

 Answer: Continuous segments (text spans) in the
L Why is Priestley usually given credit for being first to discover oxygen?
passage’ WhICh haS d larger Searcn Space’ and mUCh Grozlnd TruthArTswers: :)lugblished his ﬁndingszrst he published :izg
harder _to answer thaﬂ C‘Oze—Sty‘e :%C findings first he published his findings first he published his findings

first Because he published his findings first
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* Terminology

e Source Language (s): for extracting knowledge

* Rich-resourced, large-scale training data

* For example, English.
e Target Language (1): to optimize on
* |ow-resourced, limited or no training data

 For example, Japanese, French, Chinese, etc.

* \We aim to improve Chinese (target language) MRC using English (source language) resource

Y. Cui, W. Che, T. Liu, B. Qin, S. Wang, G. Hu 12 /40 CLMRC - Preliminaries
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 Google Neural Machine Translation (GNMT)

* Easy API for translation, language detection, etc.

 Results on NIST MT02~08 show state-of-the-art performances

Cloud Translation API
Google

X~A

Integrates text translation into your website or application.

MT02 MT03 MT0M4 MTO5S MT06 MTO8 Average

AST ¢cqture (Chengetal., 2018) 46.10 44.07 45.61 4406 4444 3494 43.20
GNMT (March 25, 2019) 46.26 4340 4417 44.14 43386 37.61 43.24

A GNMT performance on NIST MT 02~08 datasets

Y. Cui, W. Che, T. Liu, B. Qin, S. Wang, G. Hu 13/ 40 CLMRC - Approaches



BACK-TRANSLATION APPROACHES

e GNMT#

Step2: Answer the

question using RC system
INn source language

Step1: Translate

target sample into
source language

e G/‘_,\ ___________ ;

Lxtracted Source Span

KA E

'\ IFLYTEK

Step3: Back-translate

answer into target
language

Y. Cui, W. Che, T. Liu, B. Qin, S. Wang, G. Hu \

P ... Pgj el Py ... Pim
£
4 p
Source BERT
[CLS] O O.[SFP1 P, P [SEP]
0 P
Source Input
m
GNMT
[CLS] QL" @m[SEP] Pg Izun[SEP ]
0 P
Target Input
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BACK-TRANSLATION APPROACHES MAME

 Simple Match#

 Motivation
e recover translated answer into EXACT passage span
e Approach

e calculate character-level text overlap between translated Answer Awans and
arbitrary sliding window In target passage Prji;j

e Length of window: len(Awans) £ O, 6€[0, 5]

e \We treat the window Prji;7 that has largest F1-score as the final answer

Y. Cui, W. Che, T. Liu, B. Qin, S. Wang, G. Hu 15/ 40 CLMRC - Approaches
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 Answer Aligner

o SimpleMatch stops at token-level and lacks Euracted Target Span
. > 4
semantic awareness between src/trg answers Pu P Py P
=
a
* |f we have a few annotated data, we could further A
Improve the answer span Target BERT
e Condition: A few training data available S~ St e
[CLS] Cyy  Cy [SEP] Py P [SEP]
. . A ;
e Solution: Using translated answer and target 2 Target Inpur
passage to extract the exact span Transiated Targei Span
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BACK-TRANSLATION APPROACHES QAL (] —

e Answer Verifier

 Answer Aligner does not utilize question information Fuiracted Target Span
1 4r
o o , Py .. P;.. Pj.. Py,
e Condition: A few training data available o~
- ™
e Solution: Feed translated target span, target
| J P J Target BERT
guestion, and target passage to extract target span
\ﬁ—ﬁ M
[CLS] Cy Cy#On  On [SEP] Py Pim [SEP]
' ——
C 0 P
/\ Target Input
o
Translated Target Span
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e Overview

Fxtracted Source Span

Step4: Fusion
and output

Step2: source Step3: target

representation representgtlon
generation generation
[CLS] Qsl Qm [S EP] {)sl . P}\ [pr] TRG_)SRC [CLS] Qtl an [SEP] {)” ] Pllm [SEP]
QK Ps ,
Source Input GNMT 2 d Target Input

Step1: create bilingual inputs
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DUAL BERT

e Dual Encoder

[CLS] Qsl qu [SEP] l:sl

P,, [SEP]

J
v
Qs

Source Input

Y

Py
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DUAL BERT EATAE (R

e Dual Encoder

e \We use BERT (Devlin et al., NAACL 2019) for RC system

Start/End Span

Oxygen

The Stanford Question Answering Dataset

In the meantime, on August 1, 1774, an experiment conducted by the British
clergyman Joseph Priestley focused sunlight on mercuric oxide (HgO) inside a
glass tube, which liberated a gas he named "dephlogisticated air". He noted that
candles burned brighter in the gas and that a mouse was more active and lived
longer while breathing it. After breathing the gas himself, he wrote: "The feeling
of it to my lungs was not sensibly different from that of common air, but | fancied
that my breast felt peculiarly light and easy for some time afterwards." Priestley
published his findings in 1775 in a paper titled "An Account of Further
Discoveries in Air" which was included in the second volume of his book titled
Experiments and Observations on Different Kinds of Air. Because he published
his findings first, Priestley is usually given priority in the discovery.

Why is Priestley usually given credit for being first to discover oxygen?
D s \ | Ground Truth Answers: published his findings first he published his
| T, findings first he published his findings first he published his findings
Question 4" ~ Paragraph first Because he published his findings first

Y. Cui, W. Che, T. Liu, B. Qin, S. Wang, G. Hu 20/ 40 CLMRC - Dual BERT
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* Bilingual Decoder

e Raw dot attention | BERT representation

ATS = Bp - Bg, ATS - RLT*LS
o Self-Adaptive Attention (SAA)

A7 = softmax(By - B}-)

Ag = softmax(Bg - B¢ )

Ars = Ar - Arg - Ag'
R = softmax(ATS) - Bg

Y. Cui, W. Che, T. Liu, B. Qin, S. Wang, G. Hu 21/ 40 CLMRC - Dual BERT
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DuAL BERT ) MARK

* Bilingual Decoder

e Fully connected layer with residual layer normalization

R=W,R +b,, W, eR""
Hp = concat|Br, LayerNorm(Br + R)]

e Final output for start/end position in the target language

P§ = softmax(W,: Hr +b), Wy € R*

e [raining objective

Loss for target prediction 1

L= LT + Aﬁaux

T Loss for source prediction
Y. Cui, W. Che, T. Liu, B. Qin, S. Wang, G. Hu 22 / 40 CLMRC - Dual BERT



DUAL BERT BAWE

e How to decide A?

e |dea: measure how the translated samples assemble the real target samples

o Approach: calculate cosine similarity between ground truth span in the source and

target language
Start/End Representation | ! 1 Span Representation

Hg = concat|B%, B%, B#
3 | tt
Hr = concat|B7, BT, BT

A = max{0, cos < Hg, Hp >}

A — 1, translated samples are good, thus we’d like to use Laux
A — O, translated samples are bad, thus we’d rather NOT use Laux

Y. Cui, W. Che, T. Liu, B. Qin, S. Wang, G. Hu 23 /40 CLMRC - Dual BERT



EXPERIMENTS: DATASETS

e TJask: Span-Extraction MRC

e Source Language: English

SQUAD (Rajpurkar et al.,

e Target Language: Chinese

CM

D

RC

RC 2018 (Cui et al.,

—-MN

D (Shao et al., 2018)

Y. Cui, W. Che, T. Liu, B. Qin, S. Wang, G. Hu

“MNLP 2016)

P 2019)

Train Dev  Test Challenge
CMRC 2018
Question # 10,321 3,219 4,895 504
Answer # 1 3 3 3
DRCD
Quecstion # 26,936 3,524 3,493
Answer # 1 2 2

24 /40
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EXPERIMENTS: SETUPS

Tokenization

 WordPiece tokenizer (Wu et al., 2016) for English, character-level tokenizer for Chinese

BERT

o Multilingual BERT (base): 12-layers, 110M parameters

Translation

e Google Neural Machine Translation (GNMT) API (March, 2019)

Optimization
e AdamW /Ir 4e-5/ cosine Ir decay / batch 64 / 2 epochs
Implementation

e TJensorFlow (Abadi et al., 2016) / Cloud TPU v2 (64G HBM)

Y. Cui, W. Che, T. Liu, B. Qin, S. Wang, G. Hu
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EXPERIMENTS: RESULTS

o Zero-shot Approaches®

e zero-shot: no training data for
target language

e Better source BERI, better
target performance

* Multi-lingual models exceed
all other approaches

Y. Cui, W. Che, T. Liu, B. Qin, S. Wang, G. Hu
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CMRC 2018 DRCD
# System Deyv Test Challenge Dey Test

EM F1 EM F1 EM F1 |EM Fl1 EM F1
Human Performance 91.1 973 924 979 904 95.2 - - 804 93.3
P-Reader (single model)’ 599 815 652 844 151 396 - - -
Z-Reader (single model)? 798 927 742 88.1 139 374 - - - -
MCA-Reader (ensemble)’ 66.7 855 712 88.1 155 37.1 - - - -
RCEN (ensemble)? 763 914 687 858 153 345 - - -
r-net (single model)’ - . - . . . - - 29.1 444
DA (Yang et al., 2019) 492 654 - - - - 554 67.7 - -
| GNMT+BERTso_g,., * 159 403 208 454 42 202 | 2801 500 266 489
2 GNMT+BERTs¢_r. * 16.8 421 217 473 52 220 | 289 520 287 521
3  GNMT+BERTsq 1., +SimpleMatch® 26.7 569 313 616 9.1 355 | 369 0606 37.0 612
4 GNMT+BERTso_r.  +Aligner 46.1 664 498 693 165 409 | 60.1 705 595 70.7
5 GNMT+BERT;sq_;,, , +Verifier 647 847 689 868 200 456 | 835 90.1 826 896
6 BERTg,, 63.6 839 678 860 184 421 | 834 90.1 819 89.0
7 BERTg_ | 641 844 686 868 186 438 | 832 899 824 895
8 Dual BERT 658 863 704 88.1 238 479 | 845 90.8 837 903
9 BERTsg-5,..,* 56.5 775 597 799 186 414 | 667 81.0 654 80.1
10 BERTsg_p, ., + Cascade Training 66.6 873 718 894 256 523 | 8.2 914 844 903
11 BERTg_ . + Mixed Training 66.8 875 726 89.8 267 534|853 916 847 912
12 Dual BERT (w/ SQuAD) 680 881 736 902 278 552 | 8.0 921 854 916

26 / 40
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EXPERIMENTS: RESULTS

» Back-Translation Approaches

o SimpleMatch significantly
improves performance

e SimpleMatch — Aligner —
Verifier: The more information we
use, better performance we get

e Without SQUAD Weights

e Modeling input in bilingual
space could substantially
improves performance

Y. Cui, W. Che, T. Liu, B. Qin, S. Wang, G. Hu
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CMRC 2018 DRCD
# System Dev Test Challenge Dev Test
EM F1 EM F1 EM Fl1 EM Fl EM F1
Human Performance 91.1 973 924 979 904 95.2 - - 80.4 93.3
P-Reader (single model)’ 599 815 652 844 151 396 E - - 3
Z-Reader (single model)? 798 9277 742 88.1 139 374 - - - -
MCA-Reader (ensemble)’ 66.7 855 712 88.1 155 37.1 - - - -
RCEN (ensemble)? 763 914 687 858 153 345 - - - -
r-nct (single model)’ - - - - - - - - 29.1 444
DA (Yang et al., 2019) 492 654 - - - - 554 67.7 - -
| GNMT+BERTso_x5,.,* 159 403 208 454 42 202 | 281 500 266 489
2 GNMT4+BERTsg—1., . 16.8 421 217 473 52 220 | 289 520 287 521
3 GNMT+BERTsqo 1., +SimpleMatch® 26.7 569 313 61.6 9.1 355 | 369 606 370 612
4 GNMT+BERTsg-—y1,  +Aligner 46.1 664 498 693 165 409 | 60.1 70.5 595 70.7
5 GNMT+BERTsq-_1,,, +Verifier 647 847 689 8.8 200 456 | 835 90.1 826 89.6
6 BERTgm,, 63.6 839 678 86.0 184 421 | 834 90.1 819 89.0
7 BERTg_ . 64.1 844 686 868 186 438 | 832 B899 824 89S
8 Dual BERT 65.8 863 704 88.1 238 479 | 845 90.8 837 90.3
9 BERTsg-5,.,,* 56.5 775 597 799 186 414 | 667 810 654 80.1
10 BERTsg-_p,,, + Cascade Training 66.6 873 718 894 256 523 (8.2 914 844 908
11 BERTg . + Mixed Training 66.8 875 726 898 267 534 | 853 916 847 912
12 Dual BERT (w/ SQuAD) 68.0 881 736 902 278 552 | 8.0 921 854 916

27 /40
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EXPERIMENTS: RESULTS

e With SQUAD Weights

Y. Cui, W. Che, T. Liu, B. Qin, S. Wang, G. Hu

Cascade Training

e SQUAD — CM

Mixed Training

e SQUAD + CMRC/

Mixed > Cascade

Dual

5

R T again outperforms all
previous methods

RC/

DRC

RCD

KA E
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CMRC 2018 DRCD
# System Deyv Test Challenge Dev Test

EM F1 EM F1 EM F1 |EM Fl1 EM F1
Human Performance 91.1 973 924 979 904 952 - - 804 93.3

P-Reader (single model)’ 599 815 652 844 151 396 - - - -

Z-Reader (single model)? 798 927 742 88.1 139 374 - - - -

MCA-Reader (ensemble)’ 66.7 855 712 88.1 155 37.1 - - - -

RCEN (ensemble)’ 763 914 687 858 153 345 - - - -
r-net (single model)? - - - - - - - - 29.1 444

DA (Yang et al., 2019) 492 654 - - - - 554 67.7 - -
| GNMT+BERTsq_p5,., * 159 403 208 454 42 202 | 281 500 266 489
2 GNMT+BERTsg_.., * 16.8 421 217 473 52 220 | 289 520 287 521
3 GNMT+BERTsq 1., +SimpleMatch® 267 569 313 61.6 9.1 355 | 369 60.6 370 612
4 GNMT+BERTso_r.  +Aligner 46.1 664 498 693 165 409 | 60.1 705 595 70.7
5 GNMT+BERTsq_;,, , +Verifier 647 847 689 868 200 456 | 835 90.1 826 89.6
6 BERTg,, 63.6 839 678 860 184 421 | 834 90.1 819 89.0
7 BERTy_ | 64.1 844 686 868 186 438 | 832 899 824 895
8 Dual BERT 658 863 704 88.1 238 479 | 845 90.8 837 903
9 BERTsg-5,..,* 56.5 775 597 799 186 414 | 667 81.0 654 80.1
|0 BERTsq_p_,, + Cascade Training 666 873 718 894 256 523 | 8.2 0Ol4 844 090.8
11 BERT_ . + Mixed Training 66.8 875 726 89.8 267 534 | 853 916 847 912
12 Dual BERT (w/ SQuAD) 68.0 881 736 90.2 278 552 | 8.0 921 854 916

28 /40
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EXPERIMENTS: RESULTS

e Japanese and French SQuUAD

e Better MT + Better RC =

* Translation attention is not essential for extracting answer span

o Still, multi-lingual BERT (w/ SQUA

Y. Cui, W. Che, T. Liu, B. Qin, S. Wang, G. Hu

Better CLM

RC

D) vields best performance

Japanese French
EM Fl1 EM Fl
Back-Translationf 248 42.6 235 44.0
+Runtime MTT 37.0 522 4077 619
GNMT+BERT ., 269 462 39.1 670
+SimpleMatch 373 580 474 71.5
BERTsq-B, ., 61.3 734 576 71.1

A Results on Japanese and French SQUAD

29/ 40
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EXPERIMENTS: ABLATIONS

e Ablations on CMRC 2018 data

* Pre-training with SQUA

D IS essential for Improving performance

RARE (R

iFLY TEK Qe

HIT-SCIR

e \With source BERT (cascade training), simultaneously modeling input will have positive impact

* [he other modifications seem to also decrease the performance but not that salient

Y. Cui, W. Che, T. Liu, B. Qin, S. Wang, G. Hu

EM F1
Dual BERT (w/ SQuAD) 68.0 88.1
w/o Auxiliary Loss 67.5(-0.5) 87.7(-0.4)
w/o Dynamic Lambda 67.3 (-0.7) 87.5(-0.6)
w/o Self-Adaptive Att. 67.2 (-0.8) 87.5(-0.6)
w/o Source BERT 66.6 (-1.4) 87.3 (-0.8)
w/o SQuAD Pre-Train 65.8 (-2.2) 86.3 (-1.8)

A Ablation of Dual BERT on CMRC 2018 dev set

30/ 40
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* Question: larger data vs. closer language
* Target Language: Simplified Chinese

e Source Language: 7

English

Traditional

100k

Chinese
20k

Y. Cui, W. Che, T. Liu, B. Qin, S. Wang, G. Hu 31/40 CLMRC - Discussion
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 Question: larger data vs. closer language

o < 25k pre-training data . T
e There is no much difference 6.5 - I 5/*
e ~J LA
_ _ : : 76.0
* Even English pre-trained models are better * /f—'
7 L
than Chinese ones - T
o = 750 - >
e > 25K pre-training data
74.5
* Down-stream task continues to improve . T
significantly —— SQuAD

100 200 500 1k 2k S5k 10k 15k 20k 25k 50k 100k

A Performance (average of EM and F1) using different
amount of pre-training data

Y. Cui, W. Che, T. Liu, B. Qin, S. Wang, G. Hu 32 /40 CLMRC - Discussion
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 Question: larger data vs. closer language

* |f the pre-training data is not abundant, there is . T
NO preference on the selection of the source . _ 5/ A
anguage N [

p 76.0 | /r'(

* If there are large-scale training data available, use <. . .
the one that has bigger data, rather than closer j§m i |
to the target language

74.5
* One may also make use of the data in various e T
—A— SQuAD

anguages to further exploit knowledge, and we
eave this for future work

100 200 500 1k 2k S5k 10k 15k 20k 25k 50k 100k

A Performance (average of EM and F1) using different
amount of pre-training data

Y. Cui, W. Che, T. Liu, B. Qin, S. Wang, G. Hu 33 /40 CLMRC - Discussion
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CONCLUSION & FUTURE WORK RAHLE

e Conclusion

* Propose Cross-Lingual Machine Reading Comprehension (CLMRC)

* Back-translation approaches for basic cross-lingual MRC purpose

 Dual BERT for modeling text in bilingual space and enrich representations

e State-of-the-art performances on Chinese (Simp./Trad.), Japanese, French MRC data

e Future Work

o Utilize various types of English reading comprehension data

 CLMRC without machine translation process

Y. Cui, W. Che, T. Liu, B. Qin, S. Wang, G. Hu 34 /40 CLMRC - Conclusion
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