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Multi-lingual BERT
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Training a BERT model by many different languages.



/Zero-shot Reading Comprehension

Training on the sentences of 104 languages

Train on English QA

Docl

Queryl

Docl Doc2
Queryl Query2
Ans] poc3 Ns2 |
Query3
Doc4d My Doc5
Query4d Query5
Ans4d | | Ans> |
/4 /4

? | Doc3
Query3

training examples

Doc2
Query?2

?
4

?

7

i Test on Chinese
Multl BERT QA test



/Zero-shot Reading Comprehension

* English: SQUAD, Chinese: DRCD

[Hsu, Liu, et al., EMNLP’19]

Model | Pre-train | _Fine-tune | _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 2l R - #F5RIE



Multi-BERT

Train / Test English Chinese Korean

English 81.2/88.6 63.3/78.8 49.2/69.3
Chinese 34.1/53.8 81.2/88.7 56.4/78.2
Korean 58.5/68.4 73.4/82.7 69.4/89.3

Multi-BERT

Train / Test English Chinese Korean

Zh 34.1/53.8 81.2/88.7 56.4/78.2
Zh-En 26.6/44.1 57.7/71.1 40.5/59.5
Zh-Fr 23.4/39.8 44.9/62.0 39.6/59.9
Zh-Jp 25.5/42.6 60.9/72.4 44.9/65.7
Zh-Kr 26.5/42.2 58.2/69.5 47.4/167.7

This work is done by ZIFEER -

[Hsu, Liu, et al., EMNLP’19]
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SO many evidences ......

Evaluation

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 8940 8591 91.60
DE 83.99 9399 8632 88.39
ES 81.64 88.87 96.71 93.71
IT 86.79 87.82 91.28 98.11

Table 2: POS accuracy on a subset of UD languages.

[Pires, et al., ACL'19]
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Cross-lingual TRansfer Evaluation of

Multilingual Encoders (XTREME) benchmark
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40 languages for 9 tasks

https://sites.research.google/xtreme

Combined Score
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[Hu, et al., arXiv’20]

Train on English, and test on the rest



Cross-lingual Alignment?
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Mean Reciprocal Rank
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Mean Reciprocal Rank

# B M & A X # .. Rank Score
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The amount of training data is critical for alignment.

Mean Reciprocal Rank
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Word2vec and GloVe cannot align well even with
more data.
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« 6/17. Multilingual BERT, Dependency Parsing,
QA (Part 1)

« 6/24: QAéI?art 2), Dialogue State Tracking (as
QA), Conditional Sentence Generation
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How alighment happens?

e Typical answer

[ )

Different languages share some common tokens.

How do you explain Chinese v.s. English?

4 Y

Code Switching Intermediate
Language?
.. DNA B SR B IZETEHS ... Language X shares tokens
(digits, punctuations) with Chinese and English.




How alighment happens?

[K, et al., ICLR’20]

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 o 66.4 0.7 57.17 (=0.9)
enfake-ru  enfake 65.7 ' 54.2 (£0.7)
en-enfake  enfake enfake 78.0 0.5 78.97(x0.7)
en-enfake  enfake en 77.5 ' 76.6(x0.8)

English: the cat is a good cat

Fake-English: A i A e



Sounds weird?
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If the embedding is
language independent ...

How to correctly
reconstruct?

There must be language
information.
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If this is true ...
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Attribute Representation
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Reference: https://youtu.be/Lhs_KphdOjg



This work is done by ZIFCR ~ 5F5RIR ~ #HK7A
It works!!!
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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) | BER BI A LB/ NEM A — - B AREFIE - -
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[Liu, et al., arXiv’'20]



Test on Chinese
_ _ Downstream (NLI)
Train on English
Downstream (NLI) i i i i
+ + + +
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Multi-BERT Multi-BERT
thlre iL g cgt thlre iTs l clt
| en de e ar el fr hi m th tr vi zh |avgwloen

finetune all ldyera |80.86 67.05 70.6 59.94 56.67 70.42 46.65 66.97 41.70 50.10 40.68 67.20| 58.00

shifting weight | 1.5 02 10 09 07 03 1.0 04 04 05 20 |
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