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Multi-lingual BERT

I Lt 1 1 .t 1

Multi-BERT Multi-BERT
| 1 1 | ] 1 1 I
high est Mask tain *  Mask 2 =

Training a BERT model by many different languages.



/Zero-shot Reading Comprehension

Training on the sentences of 104 languages

Docl

Queryl

Train on English QA

Docl Doc2
Queryl Query2
Ans] poc3 Ns2 |
Query3
Doc4 "™ Docs
Query4 Query5
Ansd | [ Ans> |
74 74

? | Doc3
Query3

training examples

Doc2
Query2

?
4

?

7

0 & Test on Chinese
Multi-BERT QA test



/Zero-shot Reading Comprehension

* English: SQUAD, Chinese: DRCD

Model | Pre-train | _Finetune | _Test | EM | F1_

QANet none Chinese 66.1 78.1
Chinese Chinese 82.0 89.1
Chinese Chinese 81.2 88.7
BERT 104 |
English 63.3 78.8
languages
Chinese + English 82.6 90.1

F1 score of Human performance is 93.30%

This work is done by ZIECR ~ FFR Y7
https://arxiv.org/abs/1909.09587



So many evidences ......

Fine-tuning \ Eval EN DE NL ES

EN 90.70 69.74 7736 73.59
DE 73.83  82.00 76.25 70.03
NL 6546 65.68 89.86 72.10
ES 6538 5940 6439 87.18

Table 1: NER F1 results on the CoNLL data.

Fine-tuning \ Eval EN DE ES IT

EN 96.82 89.40 8591 91.60
DE 83.99 9399 8632 88.39
ES 81.64 88.87 96.71 93.71
IT 86.79 87.82 9128 98.11

Table 2: POS accuracy on a subset of UD languages.
https://aclanthology.org/P19-1493/

MLDoc XML NER POs Dependency Parsing
1004 en de, o sV
de en - D|— v
zh es de fr ene s
i “n® ez, 3
75 40 r_b el ¥ " o o Sat
fr i ar ' thy, de " 4 n
50{ ja wr M h g
5W @
254
E R=08,p=0.017 R =-0.036 =0.9 R=09%, p=00014 =058, p=0.025
-— D.
_g 100
] 1 en de- sv da
T . bg g 4 sV fr
de bag . en
- zh, zh ee EN® nl Ao, 2 de. o | it @
. e ahy LMy sa o . o "p!'nt b B .
it h = F de / sk-
50 th"ur r L] ni '-”“ru. i ca E.'
1 sl™ro
SW zh hih - id':?ket 3
2 ko
254 ﬁr‘zh Ia'
.
0 R=07,p=0.053 R=0236,p=0.18 R=0098, p=0.0045 R=055,p=0035 B r=ps, o =0.00034
0 25 50 75 1000 25 50 75 1000 25 &0 75 1000 25 50 75 1000 25 &0 75 100

Percentage of observed WordPiece of test in English train

https://aclanthology.org/D19-1077/



Cross-lingual TRansfer Evaluation of

Multilingual Encoders (XTREME) benchmark

XNLI

nten lassification
Sentence Classificatio PAWS-X

POS

Structured Prediction
NER

BUCC

Sentence Retrieval
Tatoeba

XQuAD
MLQA
— TyDIiQA

RIRIA

V VYV

Question Answering

=

40 languages for 9 tasks

https://sites.research.google/xtreme

Combined Score ]

m< m»Do = X

Train on English, and test on the rest



Cross-lingual Alignment?
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How alignment happens?

e Typical answer

a4 )

Different languages share some common tokens.

How do you explain Chinese v.s. English?

4 Y

Code Switching Infferme el
Language?
.. DNA NiBIE REBIETERS ... Language X shares tokens
(digits, punctuations) with Chinese and English.




How alignment happens?

https://openreview.net/forum?id=HJeT3yrtDr

XNLI NER

B-BERT  Train Test Accuracy Wordpiece Contribution Span F1-Score

en-es en _ 72.3 14 61.9 (£0.8)
enfake-es  enfake es 70,9 ' 62.6 (=1.6)

en-hi en hi 60.1 0.5 61.6 (=0.7)
enfake-hi enfake 59.6 ' 62.9 (+=0.7)

en-ru en . 66.4 0.7 57.17 (=0.9)
enfake-ru  enfake 65.7 ' 34.2 (£0.7)
en-enfake  enfake enfake 78.0 0.5 7T8.97(x0.7)
en-enfake  enfake en 77.5 ' 76.6(x0.8)

English: the

Fake-English:

cat

IS

d

H 2 X A Z



Weird???

Bk C?.b jump
o JiE: %

S, swim
rabbit ® i

‘® fish

If the embedding is
language independent ...

How to correctly
reconstruct?

There must be language
information.

https://arxiv.org/abs/2010.10041

high est moun tain
1 1 1 1

[ Reconstruction ]
] ] ] ]

AL
7R

high

[t 1

Multi-BERT

1 1 t
E == =]
est moun tain



Where is Language?

Bk Q.b jump
& itz %

] m
rabbite &

q"b fish

Average of
Chinese

.0
L 4
.0
L 4

@)
Average of
English

This work is done by ZIFEER -

AR 7= fi
1 1 1 1

-+

R ~ KA

[

Reconstruction

J

| | | |
1 111
+ + + +

Multi-BERT
1 1 t t
there IS a cat



-+

This work is done by 2IGE R - 5F5RY] - #EKA

If thiS iS true ... https://arxiv.org/abs/2010.10041
o Q.bjump Average of
& Vit Q".O Chinese Q‘%
.*‘ & Swim ax K
rabbit® &% Average of
q"b fish English

Input (en) | The girl that can help me is all the way across town. There is no one who can help me.

Ground Truth (zh) | BEF BBV L ZAE/ MRV A —0 - B A NRER BT - -
en-zh, o« = 1 |. %, can #FZall the way across M- - There /£ - A Acan help ¥ -
enszh, o = 2 |. BRIMIRF 21X AR - - 2 ANIEF -
enszh, o = 3| - , BYRIEIMEADTAIRY, - - f2f A, 89- fl-

-
)

Unsupervised token-level translation ©



This work is done by ZIFEER -

-+

FFoRIE ~ 3EKA
https://arxiv.org/abs/2010.10041

Table 1: Unsupervised Token Translation quantitative results using the 10-th layer of BERT.

|en—>de en-fr ensur en-sw en-zh en-el |de+en fr-en ur-en sw-en zh-en el-en

CEU-T (a=1) 753 833 550 7.0 15.25 7388 7.34 008 3552 034 43

LEU-1 (a=2) 8.03 10.24 6.31 7.23 21.51 1491| 748 852 6.23 7.48

LEU-1 (a= 12 10 . 7.16 1595 19.1 2 . . 4
convert rate (a=1) | 402 41.7 61.1 153 478 62.1 | 452 496 299 147 239 302
convert rate (a=2) | 74.8 75.7 994 974 90.0 99.1 | 67.3 601 83.0 656 608 97.9
convert rate («=3)| 95.2 963 998 100 995 100 | 795 73.1 96.6 936 914 99.7

Input (en) | The girl that can help me is all the way across town. There is no one who can help me.

Ground Truth (zh) | BEF BIFHY LB/ MR A —i - T AGERHI - -

en-zh, o = 1

can 33 sZall the way across 77 - - There 7&7C A\ Acan help % -

enszh, o = 2 | . BHIPIERBEZI P ARITT - -« fE AARRIE -

en+zh, o = 3

SN 0): 01 0153 O R0 0 IR 125 < LN

- il -

Unsupervised token-level translation ©



HaiNalagasy Volapik

W Minmghﬁ:cHWhya Manipuri
araycWasay
e South Azerbaijani 1,1,

Basque Uzbek
Tajik
Sundanese Ido
Serbodpppiipn

Yoruba
TagaloglavageMalay yiemamese
- Slovak Lithuariian
s - —
S - i Punjabi
: — o Greek Indic g;ij " Bu
gtzaian
Wesjggg Punjabi

scmitic U

Luxemboyrsish - - Chisrean
Bavarian leelandic Japanese

On the Language Neutrality of Pre-trained Multilingual Representations
https://arxiv.org/abs/2004.05160
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It’s not Greek to mBERT: Inducing Word-Level
Translations from Multilingual BERT

https://arxiv.org/abs/2010.08275



/ero-shot Cross-lingual Transfer

Train on English Test on Chinese
different? :
* .......... * ......... f. ......... .Q-. f .......... f ......... 1. ......... 1-.

Multi-BERT Multi-BERT
Tttt 1 ot 1 1
high est moun tain e g B =



Average of
English  w.,

I 5 Test on Chinese

Average of
Train on English

h|gh est moun tain



Experimental Results

Table 4: POS tagging results

Method ar bg de el es fr hi ru th tr ur Vi zh | Average

Original 538 854 862 8l.1 861 429 668 855 417 686 563 538 618 66.9
Zero-mean | 543 86.1 86.6 818 866 437 681 865 416 69.7 566 534 625 67.5
MDS 542 864 865 815 868 439 689 864 442 694 571 524 63.0 67.8

Table 5: Dependency parsing results. Numbers are Labeled Attachment Score(LAS).

Method ar bg de el es fr hi ru th tr ur Vi zh | Average

Original 282 707 740 716 721 748 353 690 308 329 283 378 354 50.8
Zero-mean | 28.2 71.0 734 7T14 722 757 363 693 325 346 286 370 352 51.2
MDS 280 708 737 711 722 753 365 688 304 342 290 356 350 50.8




You just have to ask ...... @ @10 @100

Baseline 0.036 0.244 0.575

It’s not Greek to mBERT: Inducing Word-Level

Translations from Multilingual BERT Analogies 0.105 0463 0.737
https://arxiv.org/abs/2010.08275 i : i
Template | 0.449 0.703 0.845
27?7

Multi-BERT

r 1t 1 1 1T 1 1

The word apple in French is [MASE]
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Why does BERT work?

https://arxiv.org/abs/2103.07162
This work is done by =&

* Applying BERT to protein, DNA, music classification

El
El
|E
|E
|E
|E
|E
N
N
N

class

CCAGCTGCATCACAGGAGGCCAGCGAGCAGGTC
AGACCCGCCGGGAGGCGGAGGACCTGCAGGGTC
AACGTGGCCTCCTTGTGCCCTTCCCCACAGTGCCC
CCACTCAGCCAGGCCCTTCTTCTCCTCCAGGTCCC
CCTGATCTGGGTCTCCCCTCCCACCCTCAGGGAGC
AGCCCTCAACCCTTCTGTCTCACCCTCCAGCCTAA,
CCACTCAGCCAGGCCCTTCTTCTCCTCCAGGTCCC
CTGTGTTCACCACATCAAGCGCCGGGACATCGTGC
GTGTTACCGAGGGCATTTCTAACAGTCTTCTTACT/
TCTGAGCTCTGCATTTGTCTATTCTCCAGCTGACCC

DNA sequence



Why does BERT work?

class

f

Linear

f

A we

T you

C he I
[CLS]

G she

DNA sequence

https://arxiv.org/abs/2103.07162
This work is done by =&

Random
initialization

pre-train on English
Init by pre-train

III’

BERT



https://arxiv.org/abs/2103.07162
This work is done by =&

Why does BERT work?

* Applying BERT to protein, DNA, music classification

Protein DNA Music
localization stability fluorescence H3  H4 H3K9ac Splice composer
specific 69.0 76.0 63.0 87.3 87.3 79.1 94.1 -
BERT 64.8 74.5 63.7 83.0 86.2 78.3 97.5 55.2
re-emb 63.3 75.4 37.3 78.5 83.7 76.3 95.6 55.2
rand 58.6 65.8 27.5 75.6 66.5 72.8 95 36




&0 BERT normal

ad
41
20

0 t" o ﬁ L =

E £ 5 I 8 E

A o) A T &} e

49 ® 4 & &

2 3

(a) Synthetic GLUE (8 tasks)

100

871
A1

i

40

20

]

Hilbert-CNN

£
A

roberta
albert
bert-c
re-emb
scratch

(¢) DNA (4 tasks)

69

6011
501
401
301
201
101

301

2101

107

PLUS-TFM

(d) music (1 task)

£ B £ § & £
¢ L o ¢ E B
RERRE
(b) Protein (3 tasks)
L D o I —
EE::% %
s = 4 ¢ §

Flu. Stab. Loc.
BERT - PLUS 0.729 0.634 0.504
BERT - random 0.598 0.545 0.362
PLUS - random 0.461 0405 0.322
random - random 0.434 (0.388 0.387




Optimization
3.0 =
pre-trained
7 5 scratch
2.0
4
215
1.0
W
0.51

0K 2K 4K 6K 8K 10K12K14K
steps

(b) fluorescence

]

P

e

Generalization

1.0
0.71| —— pre-trained
0.6 scratch 0.8
T N ——
0.6 3
0.4 5
~
0.31 | 0.4
0.21 1|
\ 0.2
0.1{ 4| |
o
0.0

0

step

(a) H3K9ac

5000 10000 15000 "

2.0

train loss

0.0

1.01

—— pre-trained
scratch
T .h- - |h A T T
0 2000 4000 6000

step

(b) localization

0.0



Self-supervised Model as
Universal Computation Engine

Positional L frozen self-attention blocks
| Embeddings | Y« L
| Input ] Multi-Head Add & Feed Add & Output
| Embedding | Attention Layer Norm Forward Layer Norm Layer

Performance on Multimodal Sequence Benchmarks
100 100 100 100 98 99 995

>
©
72 /4
15 70
U
)
< 33 33 9 42
S
0
[l 2 13 4 12
.
Bit Memory Bit XOR LlstOps MNIST CIFAR-10 CIFAR 10 LRA Homology

Frozen Pretrained Transformer —— Full Transformer Full LSTM




Output Token
=9 [

=1}

oo

8]

=
kv
String 1 String 2 2 4
0101111001 => 1 E_
0101111001 => 0 S
0101111001 => 0 ©
0101111001 => 1 g
0101111001 => 0
0 2 4 6 8 o 0 2 4 6 8
Input Token Input Token

Initialization | Memory XOR ListOps MNIST C10 C10LRA Homology

Pretrained 100% 100%  38.4% 98.0%  68.2% 38.6% 12.7%
Statistics Only 100% 100%  37.4% 97.2%  56.5% 33.1% 11.0%
Default 75.8% 100%  34.3% 91.7%  61.7% 36.1% 9.3%
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Speech Question Answering




TOEFL Listening Comprehension Test by

M a C h i n e Link: https://github.com/iamyuanchung/TOEFL-QA
https://arxiv.org/abs/1608.06378

Audio Story: (The original story is 5 min long.)
Question: “ What is a possible origin of Venus’ clouds? ”
Choices:

(A) gases released as a result of volcanic activity

(B) chemical reactions caused by high surface temperatures

(C) bursts of radio energy from the plane's surface

(D) strong winds that blow dust into the atmosphere



https://arxiv.org/abs/1804.00320
https://arxiv.org/abs/1808.02280

SQUAD-style Spoken QA

* Link: https://github.com/chiahsuan156/0DSQA

Dataset QA-pairs Hours  M-spkrs  F-spkrs WER-D(%) WER-Q(%) AvgDLlen AvgQ Len
ODSQA 3654 25.28 7 13 19.11 18.57 428 22
DRCD-TTS 16746 == == == 33.63 == 332 20

SPOKEN OPEN-DOMAIN QUESTION ANSWERING DATASET


https://github.com/chiahsuan156/ODSQA

SQUAD-style Spoken QA

* Link: https://github.com/chiahsuan156/0DSQA

Dataset QA-pairs Hours  M-spkrs  F-spkrs WER-D(%) WER-Q(%) AvgDLlen AvgQ Len
ODSQA 3654 25.28 7 13 19.11 18.57 428 22
DRCD-TTS 16746 == == == 33.63 == 332 20

SPOKEN OPEN-DOMAIN QUESTION ANSWERING DATASET
SOD QA

OPEN-DOMAIN SPOKEN QUESTION ANSWERING DATASET
ODS QA

[Lee, et al., SLT'18]


https://github.com/chiahsuan156/ODSQA

Towards End-to-end

https://arxiv.org

/abs/1910.11559
Start

t ¢

SAEEE BEAR BAR

W - W W W - W W W
SpeechBERT

Word Embedding Lookup Audio Encoder

[CLS] Which NFL ... 507 [SEP] M *- W
l |1 |
|

Text Question Audio Context



Speech Question Answering

Training data
dns Span

e WWWWMW d, 'H"M H‘*WMWH b ekl

dns Span

5 WA s o A e

(no speech transcription )

Can we train an end-to-end speech QA model?



Speech Question Answering

start end

It does not work ..... t t
[ Find Ans Span ]

No semantic information

*
*
*
*
*
*
*
.0
*

Pre-trained Speech Model

1 w
[CLS] il [SEP] bbbt -

guestion document



start end

1 1
«=+» |t does not work ..... [ EindlAnssian ]
T
4 4 4 4 4 4 4

Pre-trained Speech Model

1 W
[CLS]  mrHwhime il  [SEP]  sebt-poosh bbbt b+

guestion document



start end

No pre-train: 6.12 F1 score — . % 4
Pre-training on text: 54.22 F1 score [ T Find A?S Span : ]

BERT (pre-trained on text)

| I ] | | | |
va @ 9 @ @ W 31 31

1 1 I 1 I I I

Pre-trained Speech Model

1 W
[CLS]  mrHwhime il  [SEP]  sebt-poosh bbbt b+

guestion document



https://arxiv.org/abs/2203.04911
This work is done by #5iE

Speech Question Answering

0.7

S - (Cascade approach (SB)
—— DUAL (HuBERT-128)
0.6 4.
Embedding Assignment FF1 AOS n
Most frequent 542 48.5 o 05
o
Least frequent 46.9 41.7 7 \
Random 517 462 Eou Speech QA
Re-init 8.9 7.2 3 / A without Speech
Scratch (baseline) 6.1 4.9 e 0.3 » . Recognition
© Speech Recognition
- + Text-based QA
0.2
0 10 20 30 40 50 60 70

Word Error Rate (WER)
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Pre-training on Artificial Data

By defining different rules, we know what are
the key factors for the success of pre-training.

Token generation '

Pre-trainl
Sl mmmmm—— BERT
downstream tasks Fine-tune



5 positive ?
4 1 t
LM Head Classifier Head Classifier Head
t t t t t t t t t t t t t t t
[ Transformer ] - [ Transformer ] - [ Transformer ]
t + 1t 1 L A R | t + t 1t 1
1 o [ 3 (a 1 0 3 (5 (a 1 (0 (3 (6 (4
: A A
= masking - .
1 0 5 13 4 It is a good movie It is a bad movie
Stage 1 Stage 2 Stage 3

L1 MLM pre-train GLUE fine-tune GLUE Testing

Token ID

-] O h B 2 b = D

Input Token
1S
it
very

good

movie

bad



https://arxiv.org/abs/2109.03537
This work is done by ZZE

Pre-training on Artificial Data

GLUE score improvement
vs. train from scratch

B !

20

15

10

W English random E unigram

bigram M paired ®shuffle



https://arxiv.org/abs/2109.03537
This work is done by ZZE

Pre-training on Artificial Data

25

20

15

10

¥

W English

bigram

random

paired

GLUE score improvement
vs. train from scratch

unigram
shuffle

Pre-training on random
generated words yields the
same performance as training
from scratch.

Data plays the role.



Data is critical ......

Learn more from robust wav2vec 2.0
https://arxiv.org/abs/2104.01027

continual

Pre-trained Labeled Testing
Model Data Data
HuUBERT (Librispeech) e.g., clean e.g., hoisy
IC (Acc) ER (Acc) KS (Acc)

clean m4g+r fsd50k | clean m4g+r fsdS0k

(a) baseline

| 99.47

97.47 | 63.96 57.33 60.55 | 97.14 93.38 03.80

SID (Acc)
m+g+r fsd50k

continual

ASR (WER)
m+g+r fsd50k CHiIME3

wio w/LM wlo w/LM wio w/LM wio w/LM

(a) baseline

77.61|6.72

488 10.16 794 962 7.57 334 2926




Learn more from robust wav2vec 2.0
https://arxiv.org/abs/2104.01027

Data is critical ......

Continuously train | Pre-trained Labeled Testing
with noisy data Model Data Data
HuUBERT (Librispeech) e.g., clean e.g., hoisy
IC (Acc) ER (Acc) KS (Acc)

continual clean m4g4r {fsd50k | clean m4g+r fsd50k | clean m4g+r fsdS0k

(a) baseline - | 9947 9694 9747 | 63.96 57.33 60.55 | 97.14 93.38 93.80

(c) w/o DAT libri 100hr mgr | 9945  98.63  97.94 | 64.42 62.30  60.65 | 96.92 94.87 93.90

(d) w/o DAT libri 960hr mgr | 99.39  98.84  97.89 | 67.28 67.47 65.62 | 97.12 96.11 94.77

ASR (WER)
SID (Acc) clean m+g+r fsd50k CHiME3
continual clean m+g+r fsd50k | wo w/LM  w/o w/LM wio w/LM w/o w/LM
(a) baseline : | 8497 6551 77.61]6.72 4.88 10.16 794 962 7.57 334  29.26

6.23 4387 8.04 6.47  7.90 6.38 27.82 2427

(c) wio DAT libri 100hr mgr | 87.02 7091 80.96
5.92 484 7.19 600 7.15 587 2383 20581

(d) wio DAT libri 960hr mgr | 86.40 7446 81.47




https://arxiv.org/abs/2109.03537
This work is done by ZZE

Pre-training on Artificial Data

25

20

15

10

GLUE score improvement
vs. train from scratch

" 4

W English random E unigram

bigram paired shuffle

Pre-training on random
generated words yields the
same performance as training
from scratch.

Data plays the role.

Pre-training from the data
generated by unigram or bi-
gram LMs helps a little.



https://arxiv.org/abs/2109.03537
This work is done by ZZE

Pre-training on Artificial Data

GLUE score improvement

 The sentences generated by
vs. train from scratch

very simple rules can lead to
good pre-trained models.

25

20 .
e All the words in the generated

15 . sentences are paired.
10

I | ] | | |
5 30 7 3 0 6 2 7 2 6
0 Also refer to:

Learning Music Helps You Read: Using

- Transfer to Study Linguistic Structure in

Language Models

W English random E unigram
https://arxiv.org/abs/2004.14601

bigram paired shuffle



https://arxiv.org/abs/2109.03537
This work is done by ZZE

Pre-training on Artificial Data

25

20

15

10

GLUE score improvement

vs. train from scratch

W English

bigram

random

paired

unigram
shuffle

The sentences generated by
very simple rules can lead to
good pre-trained models.

All the words in the generated
sentences are paired.

Shuffle

57 . 5 -+ 22 43



Concluding Remarks




