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Pre-trained Models
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Pre-trained Models

COMPARISON: NLP PRE-TRAINED MODELS
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Embndding[ wi ) [Lwe ] [ws ]| ""':4 J [ws | score
R T T T
[ Classification Layer: Fully-connected layer + GELU + Norm ] MLP
‘ [ [ 1
Lo J [0 J (o ] [0 J [0 | Trees) || To || oo || Tn [|Tiseey || T'1 || == || T'm ||T [sep)
T T T T ! f_ & ¥ § ¥ & & & 1
Tranaformer ancoder sentence-pair encoding
Y t T h 1 4 ¥ h
Embedding | { | ! [CLS] || ug || *** || un || [SEPY|| w1 || +** || vm || [SEP]
w ) [(we) (we) (msa] () x }
L ‘L " ‘L ‘L MT hypothesis reference translation

(Devlin et al., BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding, arXiv:1810.04805, 2018)
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Masked Sentence A Masked Sentence B Question -~ Paragraph i=1 N=2 =4 N=8 N=16 N=32 =64 N=512
k Unlabeled Sentence A and B Pair / K\\ Question Answer Pair I love peanut butter and Jje//y sandwiches.

—— Class . g I love peanut butter and Jelly, Yum’ Vou can’ t beat peanut butter and jelly
Pre-training : Fine-Tuning sandvi ches.
277 Buy these pills Spam A
r o i ’ I love peanut butter and bread Thanks!! This Jlooks delicious. I love all types
< OV Win cash prizes Spam of paagnut butter, but aspecially peanut butter/jam sandwiches.
}1",”:}"‘.'3',5‘ Dear Mr. Atreides, please find attached Not Spam
o (Devlin et al., 2018)
JCHRTE VI 2800 AT BRTE R VI 2R B

(Devlin et al., BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding, arXiv:1810.04805, 2018)
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Accuracy (%)

The three settings we explore for in-context learning Traditional fine-tuning (not used for GPT-3)

I I \ —— H N Zero-shot Fine-tuning
/ u % /l The model predicts the answer given only a natural language The model is trained via repeated gradient updates using a

discription of the task. No gradient updates are performed. large corpus of example tasks.
Translate English to French: task description sea otter => loutre de mer example #1
cheese => prompt
ne-sh peppermint => menthe poivrée example #2
Zero-shot One-shot Few-shot One:snot

In addition to the task description, the model sees a single

— 175B Params example of the task. No gradient updates are performed.

60 Natural Language \/),/J
Prompt X
\///M Translate English to French: task description
50 b

/ . sea otter => loutre de mer example

chease =y ; plush giraffe => girafe peluche example #N
- promp
\\
No Prompt
13B Params
’ Few-shot
In addition to the task description, the model sees a few cheese => prompt
e 1.3B Params )
0 et T e e e e T T — examples of the task. No gradient updates are performed.
0 10" 10’
Number of Examples in Context (K)

Translate English to French: task description
sea otter => loutre de mer examples

Brown et al., Language Models are Few-Shot Learners,
arXiv:2005.14165, 2021

peppermint => menthe poivrée
plush girafe => girafe peluche

cheese => prompt
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Models

There are two multilingual models currently available. We do not plan to release more single-language models, but we may release BerT-Large

versions of these two in the future:

® BERT-Base, Multilingual Cased (New, recommended) : 104 languages, 12-layer, 768-hidden, 12-heads, 110M parameters

® BERT-Base, Multilingual Uncased (Orig, not recommended) : 102 languages, 12-layer, 768-hidden, 12-heads, 110M parameters

® BERT-Base, Chinese : Chinese Simplified and Traditional, 12-layer, 768-hidden, 12-heads, 110M parameters

Data Source and Sampling

The languages chosen were the top 100 languages with the largest Wikipedias
and talk pages) was taken as the training data for each language

. The entire Wikipedia dump for each language (excluding user

Model | D #M  #lg ' en fr es de el bg u tr ar vi th zh hi swW ur { Avg
Fine-tune multilingual model on English training set (Cross-lingual Transfer)

mBERT Wiki N 102 | 821 738 743 71.1 664 689 690 616 649 695 558 693 60.0 504 58.0 | 663
XLM MLM+TLM) | Wiki+MT N 15 | 850 787 789 778 766 774 753 725 731 761 732 765 69.6 684 673 |75.1
XLM-R cC 1 100 | 88.8 83.6 842 827 823 831 801 79.0 788 797 786 802 758 720 717 |80.1
Translate everything to English and use English-only model (TRANSLATE-TEST)

BERT-en Wiki 1 1 ' 88.8 814 823 80.1 803 809 762 760 754 720 719 756 700 658 658 t 76.2
RoBERTa | cC 1 1 | 913 829 843 812 817 831 783 768 76.6 742 741 775 709 667 668 | 77.8
Fine-tune multilingual model on each training set (TRANSLATE-TRAIN)

XLM (MLM) Wiki N 100|829 776 779 719 771 757 755 726 712 758 731 762 704 665 624|742
Fine-tune multilingual model on all training sets (TRANSLATE-TRAIN-ALL)

XLM (MLM+TLM) | Wiki+MT 1 15 | 85.0 808 813 803 79.1 809 783 756 77.6 785 760 795 729 728 685|778
XLM MLM) Wiki 1 100 845 80.1 813 793 786 794 775 752 756 783 757 783 721 692 677 769
XLM-R CcC 1 100 | 887 852 856 84.6 83.6 855 824 81.6 80.9 834 809 833 798 759 743 | 824

https://github.com/google-research/bert/blob/master/multilingual.md

HUAWEI TECHNOLOGIES Co., Ltd.
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TEXT PROMPT @ teapot in the shape of an avocado. a teapot imitating an avocado.

AI-GENERATED
IMAGES

OpenAl DALL-E demo, source: https://openai.com/blog/dall-e/

Page 12

&2 Huawel



Contrastive loss n

N / IL$ 10.8
ntext
representations ¢ T F ’ T 8.25 8.6

Transformer /
Masked 55
Quantized
representations Q

@
Latent speech Z ©

representations x =9
@
2

raw waveform X g 0

Noisy student wav2vec wav2vec wav2vec wav2vec 10m
100h 100h 1h 10m (53K unannoated)
Facebook Al Wav2Vec 2.0 — WER for Noisy Student self-training with 100 hours of labeled data. Wav2vec 2.0 with 100 hours, 1 hour,

and only 10 minutes of labeled data. All models use the remainder of the LibriSpeech corpus (total 960

https://ai.facebook.com/blog/wav2vec-20- ; e
hours) as unannotated data, except for the last result, which uses 53K hours from Libri\ox.

learning-the-structure-of-speech-from-raw-audio/

HUAWEI TECHNOLOGIES Co., Ltd. Page 13 @@ HUAWEI
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Motivation

® Current MT products usually support translations between up to 100+ languages
o Deploy ~2L systems trained on English--centric data, e.g., Chinese <->English
o English as a pivot for translations between other languages, e.g., Chinese<->English<->German
® Challenges
o The number of deployed systems increases linearly
o Pivot increases translation latency
o Low quality on low-source languages
o Unable to translate zero-resource languages
o Most data are English centric
® one-modal-for-all-languages solution for MT and help low-/zero-resource languages?
o i.e., multilingual neural machine translation (MNMT)

o positive transfer between related domains and transferable tasks.

HUAWEI TECHNOLOGIES Co., Ltd. Page 15 u}!ﬂé HUAWEI



Google’s First Attempt on MNMT

The same architecture as bilingual models

Shared model parameters between all languages

Mainly English-centric data with joint subwords

Language-awareness by preprocessing data

How are you? -> ;Cémo estas?

l

<2es> How are you? —-> ;Cémo estas?

Observations

« Quality improvement on low-resource languages

« Direct zero-shot translation is possible

« Allow mixing languages on the source/target side

« Visual evidence for interlingua representation

HUAWEI TECHNOLOGIES Co., Ltd.

®

(Johnson et al. 2017. Google's Multilingual Neural Machine Translation System: Enabling Zero-Shot Translation. TACL.)

Japanese

English

Korean

Training

Google Neural
Machine Translation

Ay, 5
re” i r 4
e"/_} ' .
oy ? ]
Y [Ny
-\-.. J
e ¥, i
v ’ = .l.\
A\ oo "
t | NEY - 2
N \% N
% 5
\*‘J_ < ™\
4 \‘
i Al
3, -
et L 1 ‘j
- [T 2o .
:’.I { :
B
'
. /
7
>

Page 16

} English ‘

‘ Japanese ‘

‘ Korean ‘

e
.
n’..\.
Pe
R L

™ Enclish | .

» %
aze $%

jSAUS 1T 2} 10kmFE 2}
S50km77hX| & Euct

JAPANESE

3 9

g‘@ HUAWEI



Beyond English-Centric MNMT from Facebook

Select 100 languages with high coverage on diversity
of scripts and resource levels
Mining parallel data with LASER embeddings with
considerations of language similarity to avoid mining
all directions
Sparse mining include 3 parts:
« 14 language groups according to linguistic similarity,
geographic and cultural proximity; all languages within
a grouping are mined against each other
« 1-3 bridge languages per group are mined against all
other bridge languages
* English centric

All Supervised
Model Avg | Low Mid High
Random 80% 11.9 | 36 161 315
Random 80% w/ En | 16.3 | 89 224 366

Bridge Language, 80% | 17.2 ‘ 104 23.2 374

HUAWEI TECHNOLOGIES Co., Ltd.

£ _£_8%
=% O EL2 S
e
STSCCH
English | X
Hindi X Pair w/ English
Marathi Pair w/ bridge languages
Tamil X Pair inside family
Galician X No data
Spanish X
Setting To English From English Non-English
Bilingual baselines 27.9 24.5 8.3
English-Centric 31.0 24.2 5.7
English-Centric with Pivot 10.4
Many-to-Many 31.2 24.1 15.9

(Fan et al. 2020. Beyond English-Centric Multilingual Machine Translation. arXiv:2010.11125)

Page 17
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Data Imbalance

En—Any translation performance at sampling temperatures

Data imbalance problem naturally exists across languages
Sample equally (T=100): maximize improvement on low resource e
and large deterioration on high-resource

Sample truly (T=1): retrain more performance on high-resource

with sacrificing on low-resource languages
Appropriate sampling(T=5) can potentially alleviate the problem
but be heuristic and still challenging

Any—En translation performance at sampling temperatures

\

High Resource - » Low Resource High Resource (HR) Medium Resource (MR)  Low Resource (LR)

Sampling Probability

(French, German, Spanish, ...} {Yoruba, Sindhi, Hawaiian

(Arivazhagan et al. 2019. Massively Multilingual Neural Machine Translation in the Wild: Findings and Challenges. arXiv:1907.05019.)

HUAWEI TECHNOLOGIES Co., Ltd. Page 18 gfé HUAWEI



Scalability Issue

« Scalability issue: performance degrades for all

language pairs, especially the high and medium

resource ones, as the number of tasks grows.

« However, the zero-shot performance for most language

pairs increases when using more languages

De - Fr | Be—-Ru|Yi—Del| Fr—-Zh | Hi - Fi | Ru— Fi
10 langs 11.15 36.28 8.97 15.07 2.98 6.02
102 langs 14.24 50.26 20.00 11.83 8.76 9.06

 Model capacity might be one of the most important

factors

 However, naively scaling capacity might result in poor

performance, e.g., the Transformer-Wide fails to show

similar gains in the low-resource setting

Any

»En translation performance wi

(Arivazhagan et al. 2019. Massively Multilingual Neural Machine Translation in the Wild: Findings and Challenges. arXiv:1907.05019.)

HUAWEI TECHNOLOGIES Co., Ltd.
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Model Capacity and Language Diversity

Experiments show sharing encoders among multiple

languages is effective and widely used. Keeping S ) g
decoders separate is important. Fooa-Tonvard Layer | T oo snared
CLER ] :
Investigate language-specific parameters to improve e — i P
model capacity and handle language diversity, manually csn \ i
\ Self-Attention 6 "Gm' T,

or automatically _ o=

Emb

MNMT is sensitive to both the amount and the position an

of language-specific modules g 351 2 251
one-to-many translation benefits more than many-to-one “Z: < g 20-
translation, especially with data imbalance N — basie 5 °1 — b

. . e E — :CI;f:um e g 1.01 — :CI\-:Flfdm e
Automatic routing suggests 10%-30% language-specific 2 '] = o | 2 B+ OvenampesCLSR

£ 1.0 gz 0

capacity to reach to best performance on top and/or Z 0s- 2 00
bottom layers o S

. . . . . . . 0.0 0.1 0.3 0.5 0.7 09 1.0 0.0 0.1 0.3 0.5 0.7 0.9 1.0
Automatic routing has little to do with linguistic Shared «—  budgetp — LS Shared «—  budgetp — LS
characteristics. (a) BLEU for O2M (b) BLEU for M20

(Zhang et al. 2021. Share Or Not? Learning To Schedule Language-Specific Capacity For Multilingual Translation. ICLR.)

HUAWEI TECHNOLOGIES Co., Ltd. Page 20 g'é HUAWEI



Monolingual data

Monolingual data is in much larger scale
specially for low-resource languages
proven to be very effective for bilingual
models

By back-translation or denoising
Improvement on both high- and low-
resource languages

Pretraining on mutilingual mono or parallel
data, then finetuning with bilingual data is
also effective for low-resource languages
However, this deviates from the goal of
one-model-for-all-languages

1000

3

=]

0.0

A BLEU

en

5.0

0.0

-5.0

-10.0

cs fr

B Parallel ® Monolingual

et Iv It

n zh es fi de

i kk tr gu

ro hi

e Multilingual NMT e Multilingual NMT + Mono.

—— -— . _ o,
- -&‘__:‘\"-.._ o Em—— »
- e S ~-"

~
e

cs fr ru zh es fi de et Iv It ro hi kk ftr gu

(Siddhant et al., Leveraging Monolingual Data with Self-Supervision for Multilingual Neural Machine Translation, ACL 2020)

HUAWEI TECHNOLOGIES Co., Ltd.
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« Current studies suggest that the source language representation
depends on the target language and vice versa. Representation

similarity varies across layers.
 Representation Learning

« Handling language divergence: languages diverse in many aspects, e.g.,

domain, scripts, grammar etc.

« Representation bottleneck: performance degrades when increasing the

number of tasks

« Balancing the sharing of representations between languages

« Pretrained Models

* Pretrain+finetune procedure currently shows significant improvements on

low-resource languages

 How to make use of various kinds of knowledge from the web to help the

representation learning

« Alarge and stronger universal model is also desired to improve

translation quality in general

(Kudugunta et al. 2020. Investigating Multilingual NMT Representations at Scale. EMNLP.)

HUAWEI TECHNOLOGIES Co., Ltd.
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Pre-trained Multilingual NMT on Parallel Data

Jadore chanter et danser <EOS>

Jadore chanter et | danser <EOS> En—Zh
T 0 T ¢ 0 i
Encoder —> Decoder _ :
Original O T T 1T 1 0 1T T T 1r T En—Fr Jadore  jouer au  baskethall <EOS>
Tok <S> | | like 2 and <IrgID> | Fadore chanter| et | danser 1 e, | S—  ES—
Pos = 0 1 2 3 4 5 0 1 2 3 4 [ Encoder }—-I Decoder ]
U h1 13 i1g o v o o T T
nal Tok <Swip- | like playing basketball <Trg ID> | Fadore | jouer au  basketball
Tok | <SwiD> | like chanter| and | danser <Tig ID> JFadore chanter et | danser
Pos 0 1 2 3 o 0 I 2 3 4
Pos | O 1 2 |3 ][« ] s 0 HESER

Pre-training Sy
Figure 1: The proposed mRASP method. “Tok™ denotes token embedding while “Pos™ denotes position embedding.
During the pre-training phase, parallel sentence pairs in many languages are trained using translation loss, together
with their substituted ones. We randomly substitute words with the same meanings in the source and target sides.
During the fine-tuning phase, we further train the model on the downstream language pairs to obtain specialized
MT models.

(Lin et al., Pre-training Multilingual Neural Machine Translation by Leveraging Alignment Information, EMNLP 2020)
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Dual Transfer for Low-Resource NMT

--->: initialization
Gray: frozen parameters
Color: trainable parameters

[B] body

[Q] ' [Q]
embeddings embeddings 2 embeddings embeddings

[A] [P] [A] [P]
embeddings embeddings K embeddings embeddings
(1) Train PLM on (2) Train PLM on (3) Train MT (4) Finetune
mono-lingual mono-lingual on A>B on P=Q
dataof Aand B dataof Pand Q parallel data parallel data
separately separately

(Zhang et al., Learning Multilingual Representation via Cross-Lingual Deep Alignments, Findings of ACL 2021)
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