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OERKLE. A%, EEfREFR NG
OtEFREE A ( Word Embedding )
OEd "BigS" WA iEEFEIEAE

> =
O%EHTE
LSA NNLM * SENNA* Word2vec*
(Deerwester et al., 1990) (Bengio et al,, 2003)  (Collobert et al., 2011) (Mikolov et al., 2013)

I
I
I
I
I
| | | T | T | T |
I
N | | |
LDA I HLBL RNNLM GloVe
(Blei et al., 2003) : (Minh and Hinton, 2009) (Mikolov et al., 2010) (Pennington et al., 2014)
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ONeural Network Language Models (Bengio et al., JMLR 2003)
ORIERIN- 1A NME (IESEE )

DRBYEEHL IR R R4
OBIER , KEENEERT
Word Embeddings
Word Vectors

0@ REERIRRER T

i-th output = P(w; = i| context)

softmax
(eo0oe@® ... e o X X®
tanh
(eo0e® ... .. ee)
TaEE
EAN
E(Wt—n+1) E(Wt_z) g E(Wt—ly
ee...0) ... (ee0. .0 e e.. o0V
Table L N
e Pt e N N i A N R N N N, .t .
InE shared parameters Matrix E
across words
[ [~ —

Index for Wi.ns1 Index for wy., Index for wy.q



OSemantic/syntactic Extraction using a Neural Network Architecture

ONatural Language Processing (Almost) from Scratch (Collobert et al., JMLR
2011)

O "5 KRS |
—MNEME L FxapER T catsits onamat

OFE B g1zt Bl 5 ) == cat sits Harbin a mat
Ot Bix

Oscore(cat sits on a mat) > score(cat sits Harbin a mat)

OscorefVit& A f

——

cat sits on mat

OilIgnEREE | ESFRIEEHFRETH Ew)lléﬁl/\ﬁ



Ohttps://code.google.com/archive/p/word2vec/
(Mikolov et al., ICLR 2013)
OCBOW (Continuous Bag-of-Word)
O EEhaE R E 0TS EA91E
OSkip-Gram
O 5 E)AEIFG & B
Oi)l|ZRE TR
OZ 4 REY
ORJF RS E
O3R#h THRESRE IR



https://code.google.com/archive/p/word2vec/
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OLearning Sense-specific Word Embeddings By Exploiting Bilingual
Resources (Guo et al., Coling 20145CIR)

BEEWRE L2

Riin

I love eating potatoes

KNI £ = & N

/

I watched videos on TuDou

- HAR L FERR Bl $EEI XF

... subdue, conquer or control the opponent
Bz SR IA

She overpowered the burglars

it HIAR T E5W

She overpowered the burglars

EHE , ] 52 5D 8 FIik

They wore their priestly vestment in Church

X§ Z]‘E \|/ /[I_éz‘ K 'II'E

JEEmEY M 2 W € ——— -
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- HAR#L | AR Bl 25 F

B iz BIR#2 B TA
it BIRR#L T E5M
TEHE | i) S5 KD A BIIR#2

4. RNNLM ¥

#IgR#1 [0.12, 0.26, ..., 0.09]

#IgR#2 [-0.92, —0.70, ..., 0.4]

1. ERFAIHEY

—

subdue
uniform
overpower
subjugate
vestment
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cones) SR

il i #2
(subdue) ~— (deféat)
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OLearned in Translation: Contextualized Word
Vectors (McCann et al., arXiv:1708.00107)

[OCoVe: Context Vectors
OFu)I|IZENMTHREY
& Encoder{EA BMESBIZRIMFALE

‘ Task-specific Model ’ ‘ Translation ]

A A

[ Encoder Decoder ]

Static Embeddings



ODeep Contextualized Word Representations
(Peters et al., NAACL 2018 Best Paper)

OELMo: Embeddings from Language Models
OfFFA=FRFAICNNZRRIE
OS5 NIGNEEAFINEGECRNESER
OFFEESHRNBHIENIRNRGE SN
OIS SHEE) I 44REE TR |

____________________________________________

Character Embeddings



OKTFAS LT (Che et al, CONLL 20185CIR)

Sum

NSNS
Embed [EXCXD

Token Wwav Char ELMo
http://Itp.ai/

o>
b3


http://ltp.ai/

Ohttp://universaldependencies.org/conll18/

OMultilingual Parsing from Raw Text to
Universal Dependencies
O8FESE. 2iE. ARE. KEDESTTES
O#YE : STAHES. 8211
OfRARTTE
OELMo. £piF3. SNERS
O TARRIEELE , BHB28/2.5%
OZEIEELMoFTiR

Ohttps://github.com/HIT-
SCIR/ELMoForManyLangs



http://universaldependencies.org/conll18/
https://github.com/HIT-SCIR/ELMoForManyLangs
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OImproving Language Understanding by Generative Pre-Training
(Radford et al., 2018)

COGPT: Generative Pretrained Transformer
OFA12ER Transformer{EAEncoderf)IZrERAIE SRR
O BinES L/ ( Fine-tuning ) 128!

b . A
unidirectional
Transformer

Word i1 S g i, g e S

| | |

s (00} @0} (@9
Position | | I | I I



OPre-training of Deep Bidirectional Transformers for Language
Understanding (Devlin et al.,, NAACL 2019 Best Paper)

OBERT: Bidirectional Encoder Representations from Transformers

A A A

bidirectional
Transformer

Word Piece
Embeddings
Position
Embeddings
Segment
Embeddings
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OEnhanced Representation through Knowledge Integration
(Sun et al,, arXiv:1904.09223, AAAI 2020)

COERNIE 1.0
1 MaskiaF0sLfi
COERNIE 2.0

O B ZRIT)IZKESS
OB F =R 125850

153 ERNIE 1.0 {=5 ERNIE 2.0 FEWIRE ERNIE 2.0 Fh) {58y
Knowledge Masking
Word-aware Knowledge Masking Capitalization Prediction Knowledge Masking

Token-Document Relation Prediction

Sentence Reordering

Structure-aware Sentence Reordering Caitatice Dictanse

Discourse Relation

Semantic-aware Next Sentence Prediction Discourse Relation
IR Relevance




OSpanBERT: Improving Pre-training by Representing and Predicting Spans
(Joshi et al., arXiv:1907.10529)
OiziE—RNF , BYFIRIIUARUERFEME
OABRNSPHU)IZBR ( BT ERARE , 27 )
OfERAEUESS | B EERRIREF



OMulti-Task Self-Supervised Learning for Disfluency Detection
(Wang et al., AAAI 20205CIR)

OSSR D HRYE |, ¥aRkIE
Dﬁ/l\fﬁjﬂ | g;i'J_'\{E% ) — Transformer 5 ]
O TR PRI T Bacoter
OHBAIAND TR N
DE%TE}""&;%'{E%E{J;EE%%‘Z ep2: pre-train two self-supervised tasks

Tagging input:

- Tagging
ilike the the cat | Transformer
o Encoder
Method P R F1 Sentence Classification input: f
<i two kids ||| i have two kids> Classification

)ﬁi’%’éﬂ?& Step3: fine-tune on supervised disfluency data

UBT (Wu et al. 2015) 90.3 80.5 85.1 ¢
Semi-CRF (Ferguson et al., 2015) 90.0 81.2 854 -

. Step1: construct pseudo training data
Bi-LSTM (Zayats etal., 201 6) 91.8 80.6 85.9 unlabeled news data pseudo training data
LSTM-NCM (Lou and Johnson 2017) - - 86.8 strilkethecat |2dd‘the” o ————
Transition-based (Wang et al. 2017) 91.1 84.1 87.5 s2:idontknow 299K Sl 4 vt know [ do 't think knows
Our self-supervised (1000 sents) 88.6 83.7 86.1 $3: i have two kids | oo "2E5 | i two kids || have two kids>
Our self-supervised (Full) 934 873 90.2 | o e




OELECTRA: Pre-training Text Encoders as Discriminators Rather
Than Generators (Clark et al., ICLR 2020)
CiFEId BERTRIFE TR
OSJRIGEURIER | ERFFIR) IS
OF) || 4R 250E18% | REMTEIER TR
OFi)||2n250m SESCERRIN |, BRERISRIETT
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GPT-3: Language Models
are Few-Shot Learners

GPT-2: Language Models
are Unsupervised

Multitask Learners ‘
GPT-1: Improving Language Kejuwordfeniohiat,
P > g guag . one-shot, zero-shot
Understanding by
Generative Pre-Training Keyword: multi-task

Keyword: unsupervised pre-
training, supervised fine-tuning,
auxiliary objective

v

2018 2019 2020



OREIRIEXIEL

OZFEAEXIEE

GPT-1

*BookCorpus

« RZJ7000ABiEHR
tHhR

GPT-2

WebText
J=F=pI=F{1[0)ld>

MI4HI40GB A
=

GPT-3

«Common Crawl
*WebText2
*Books1
*Books2
*Wikipedia
—H570GEME



OMASS: Masked Sequence to Sequence Pre-training for Language
Generation (Song et al., arXiv:1905.02450)
DTZJE’EJ?EPEI’J—&XZ%
D@ EHRERD | (EAseq2seqt=BiEBIXER Y F
OFEENTIESERES | N 258F



OBART: Denoising Sequence-to-Sequence Pre-training for Natural
Language Generation, Translation, and Comprehension (Lewis et al.,
ACL 2020)

025 E
ERERIR AR A
HREVF S B ERIAN A

O AEMNRES LRNREF



OTS: Exploring the Limits of Transfer Learning with a Unified Text-to-
Text Transformer (Raffel et al., arXiv:1910.10683)

COFBRTERINLPEIRERTLAEN AL “text-to-text” )@

> HlEhE
———— @A

R o

O029750GRYE%EAYCA ( Colossal Clean Crawled Corpus ) 1E#HE
O3
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ORoBERTa: A Robustly Optimized BERT Pretraining Approach
(Liu et al., arXiv:1907.11692)
OETFBERTHITHAERES
EZAIEEE
ESHNEHLE
B AfIbatch
256 > 8192

FEARIBPEIEE
30K = 50K

EBANSPIES
ek , FHAMEMaskBIRZ
O7£1,02452V100 GPU L3I T7—K ! |
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OXLNet: Generalized Autoregressive Pretraining for Language
Understanding (Yang et al., arXiv:1906.08237)
Of{EATransformer-XL¥${<E57ZE#& (Dai et al., ACL 2019)
OEAREATYE
BEIFESHEE (RIELGRUT—ME ) EREITX
BRIIESIEE (1RIE LT XFRHENAE ) FlSFASERMAAR—E
ORI 2

PEHISFMEAFRABRIESREE ~ @ © - ® @ O
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ODistilling the Knowledge in a Neural Network (Hinton et al.,
arXiv:1503.02531)

OfER/IVEEY ( Student ) R{GAIREL ( Teacher ) FUFNIZEER
S AEE IR RIS R/ EEL
OB ZEAYMERERSE

(x, y=0.8)
Teacher Student

x (XJ y=1 . @)

Data




ODistilling BERT (Sanh et al., NeurlPS Workshop 2019)
OZEME « ERIVRRL | BR(AXIRELATFTNIZE R

Nb of parameters |Inference Time
(millions) (s)
GLUE BASELINE (ELMo + BiLSTMs) 180 895
BERT base 110 668
DistilBERT 66 410




OPatient Knowledge Distillation for BERT Model Compression
(Sun et al.,, EMNLP 2019)
OIREZRE | ARE R
OBV - H—Z R NSHE



OTinyBERT: Distilling BERT for Natural Language Understanding
(Jiao et al., arXiv:1909.10351)
OF3) Bin=E ( Teacher ) BY
fe=iRliE
ERTIAEN
OfR=E4R7 .55
OHETRRE RO .41



OExtreme Language Model Compression with Optimal Subwords and
Shared Projections (Zhao et al., arXiv:1909.11687)

CiRVINAEER ( 30K->5K )
OZERRAT ( HZRRETERES )
O&=E4E601E



OMobileBERT: a Compact Task-Agnostic BERT for Resource-Limited
Devices (Sun et al., arXiv:2004.02984)

are
do
well

__________________

Teacher Student

__________________

how [MASK] y;:\\\\\ ////:;w [MASK] you

Data



OTextBrewer: An Open-Source Knowledge Distillation Toolkit
(Yang et al., ACL 2020HFL)
OFEFPyTorchfNLPEHRZXIEIESE
Oz FRFE MR AR



OALBERT: A Lite BERT for Self-Supervised Learning of Language
Representations (Lan et al., arXiv:1909.11942)

OF/NSRAELEE (728 > 128)
O(VxX H) OVXE+EXH)

OSESHHE ( SKUBEMREMES )
!

Total Params = Ws
Wi+ Wao+ W3
Disk Usage =
W1+ W2+ Wa
Memory Usage =
W1+ W2+ Wa

Total Params = W
Disk Usage =W
Memory Usage = 3W

O TN ( NSP ) SUARFIRRAFTN ( SOP )
CONSPIEERIE , SOPRERFHERE

O
OSHEXNRFE , BEEASTLRIE



OCompressing BERT: Studying the effects of weight pruning on transfer
learning (Gordon et al., arXiv: 2002.08307)
O HRE P2/ NAYER D B
ORER 7 BUFRAYBTHA
Y l|ZBd
TEHES R
0130%-40%B9NER I RFHY



OQ-BERT: Hessian Based Ultra Low Precision Quantization of BERT
(Shen et al., AAAI 2020)
DG SREREREERRT
DRESREEN
OBEHX
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OERNIE: Enhanced Language Representation with Informative Entities
(Zhang et al., ACL 2019)

O7EF)IE =8 | BAMREIE PSRRI AR



OKnowledge Enhanced Contextual Word Representations
(Peters et al.,, EMNLP 2019)

OERARNTRENSRIZRRRT |, EREROIHEREIEER



OK-BERT: Enabling Language Representation with Knowledge Graph
(Liu et al., arXiv:1909.07606)
O || SR BRI ER S I N AR EIEE R
OF RS SR £ 2



OKEPLER: A Unified Model for Knowledge Embedding and Pre-
trained Language Representation (Wang et al., arXiv:1911.06136)
OXRMRERA (KE) + MLMEX &)l %5
OSSR TR N IE SRR S
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OSentiLARE: Sentiment-Aware Language Representation Learning
with Linguistic Knowledge (Ke et al., arXiv:1911.02493)

O/ 7 B RIARY BN IE
OBMLMY BEFEREIMLM (LA-MLM)



OBioBERT: a pre-trained biomedical language representation model
for biomedical text mining (Lee et al., Bioinformatics 2020)

OETEMEZI AT |14k



OSciBERT: A pretrained language model for scientific
text (Beltagy et al., arXiv:1903.10676)

OFE TR AT)I2%



OPatentbert: Patent classification with fine-tuning a pre-trained bert
model (Lee et al., arXiv:1906.02124)

ORTEFI55ARAIBERTTIIZk



OToD-BERT: Pre-trained Natural Language Understanding for Task-
Oriented Dialogues (Wu et al., arXiv:2004.06871)

OiEAIMES B SRS RS H T 145
COMLM +Response SelectionZ{E551)l|%



ODon't Stop Pretraining: Adapt Language Models to Domains and
Tasks (Suchin et al., ACL 2020)

O7EF) 1282 EAE £ |, IBINKERRARIMEXDHEL)|EE S A
OREEEESHEUESE DHTHE
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OLABSIES %47 S0
OCross-Lingual Dependency Parsing Based on Distributed Representations
(Guo et al., ACL 20155CIR)

BT HE A

EESEEEES

L= ANESP)E
\/—-

Bifgs | NMrEHdE
H—




OET "% "ARE
O4—RIZIEE)ISnES=E
OsCH “IBSIES" 8673



OMultilingual BERT (M-BERT) (Devlin et al., NAACL 2019)
OGoogleER AfmAY104FE=SBERT
OE#EEALVAFMESHIWikipediaBiEHE |25

5= EHE=ERIWord-Piece
REIESRIVE—HE ( Code-switching )
OESNMBESES LRAR
OjafeR
NEFIEERIZANES XS
IR ANONEREBERT



OXLM: Cross-lingual Language Model (Lample and Conneau,
arXiv:1901.07291)
OB AEhEEFE/ABERTEAIRYHIN
OpEHNMaskaIxGEINGE R
Ojaja
AR BB E
BEEANIRITERR



OUnsupervised Cross-lingual Representation Learning at Scale
(Conneau et al., ACL 2020)

OREFERREIEEEE | BUE 7 TEUEAIPRS!
O KAYEEY ( RoBERTa )
OB ZR9EE ( STHEXIEM )



OCross-Lingual BERT Transformation for Zero-Shot Dependency Parsing
(Wang et al., EMNLP 20195CIR)
O EEERRIESTIZAIBERT
ORINEDXN P E SEFENRESEERERE
OEE R , FRMESH L T OaARERTEIRES
O35
NEFELEWEEREFNTERIR

Cambiar al Canal 4

(Change to Channel 4) He loves the movie
X channel
WX
Y
El canal esta

The ship went aground in

marcado por boyas
I 4 the channel

(The channel is
marked by buoys)



OCross-Lingual MRC (Cui et al.,, EMNLP 2019HFL)
OpREIEINE CIEE SRS ARSI RETE
OGBS NATHEEIES
O73x

SO EIERSA
Dual BERT

BUHABIEIRIA Dual BERT



OCoSDA-ML: Multi-Lingual Code-Switching Data Augmentation for
Zero-Shot Cross-Lingual NLP (Qin et al., IJCAI 20205CIR)

O—FPEEIEEIESE | S RZ1ES code-switchi)l|ZRE0E
ORNMKIRTFEGITH TG , — X GRezRRIZ N BinES

—y 1
Fine- EE%

tuning

1&859)I1%5% RT3zt



OXTREME

O0(X) Cross-Lingual Transfer Evaluation of Multilingual Encoders
Ohttps://sites.research.google/xtreme

OB AR S EESS

O12MERHVA0FES



https://sites.research.google/xtreme

OVideoBERT: A Joint Model for Video and Language Representation
Learning (Sun et al., ICCV 2019)

OSMUXLM |, $53AFASHASEZIBERTRIMIA |, EIRTMaskialLAK ESRIR



OSpeechBERT: Cross-modal pre-trained language model for end-to-end
spoken question answering (Chuang et al., arXiv:1910.11559)
DX AMEMAI{E/IBERTRIEA , FEEfMaskialbAR S50 R
O7EISHRSQA LR



OVL-BERT: Pre-training of Generic Visual-Linguistic Representations
(Su et al., arXiv:1908.08530)



OLayoutLM: Pre-training of Text and Layout for Document Image
Understanding (Xu et al., KDD 2020)

ORTEENEEEIMTER , FENERIFL) ISR EEEM ERIILUTMER
OCR3X1EXXABounding Box > 2-D Position Embedding
N ARSI RRISEHE > Image Embedding

08 WEfIZMESS
EENMRESEE (ZIEEETRR )
SIRENEDER (REEREER )



CITABERT: Pretraining for Joint Understanding of Textual and Tabular
Data (Yin, et al., ACL 2020)
OXERURBEEINNANMER R TER | 1EEET)| SR B TSRS ST
OixZWikiTableQuestion##EEAISOTA , M44.518=%51.8



CTAPAS: Weakly Supervised Table Parsing via Pre-training

(Herzig et al., ACL 2020)
OF)IZRpER |, FIFRMERERIN T RIENEMLER

ORUEMER , =it 7 LATTRNREL , TOARESRHINSBEEES

EATTIRIER
BRERTTI
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OPre-Training with Whole Word Masking for Chinese BERT (Yang et al.,
arXiv:1906.08101HFL)
Ohttps://github.com/ymcui/Chinese-BERT-wwm
O%iFifEEs
OfEFALTPS 1A



https://github.com/ymcui/Chinese-BERT-wwm

OERNIE: Enhanced Representation through kNowledge IntEgration
Ohttps://github.com/PaddlePaddle/ERNIE

ONEZHA: NEural ContextualiZed Representation for CHinese LAnguage
Understanding
Ohttps://github.com/huawei-noah/Pretrained-Language-Model

OZEN: Pre-training Chinese (Z) Text Encoder Enhanced by N-gram
Representations

Ohttps://qgithub.com/sinovation/ZEN



https://github.com/PaddlePaddle/ERNIE
https://github.com/huawei-noah/Pretrained-Language-Model
https://github.com/sinovation/ZEN

OMacBERT: MLM as correction BERT (Cui et al., Findings of
EMNLP 2020HFL) BEZRERMANT — A |

D htt p S ://g it h u b .CO m/ym CuU i/M acC B E RT * 80% of the time, replace with [M] + 80% of the time, replace with synonyms

-EEERE M M T -1 'X' -REEREBMAT -1

DX{]’%*I*IEPYTE‘U' gﬁ\*ﬁ#ul\#{[j_-TiigHEgtbigz : + 10% of the time, replace random word g * 10% of the time, replace random word
? -REEREMAT —1T18 E -REEREBRT -1 8

D{%% ]\)-—I- 5‘! -Ia {-%E*[M aSk] 1‘ T_r: % * 10% of the time, keep the same word ? * 10% of the time, keep the same word
-REEREMAMT -8 ] -REEREBMAMT -1

) ST

SRR BN


https://github.com/ymcui/MacBERT

O08 TR KBAASEEEE ( HFL ) TEGLUEE NI S HER S5 —
COMacALBERT: Mac + ALBERT-xxlarge
ODKM: Dynamic keyword matching
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OTo Tune or Not to Tune? Adapting Pretrained Representations to
Diverse Tasks (Peters et al., arXiv:1903.05987)
OEAH TFine-tune |, MIEBEESEXHNELUEEY
OO0 #1TFine-tune |, IESEXREEREFH R



OB : BEENBMMES , NEREREST)IEMRE
O73i%
ORBRERE—Z , BEHEEBE (Long et al., ICML 2015)

Lo




O8#x . BEENBNMES  XESREST)||IGMRE

O75%
ORBRERE—Z |
O8XREE—R ,

(Long et al., ICML 2015)
(Felbo et al., EMNLP 2017)

EEHER
EEHER




O8#x . BEENBNMES  XESREST)||IGMRE
O75%
OREEARE—E | BEHERE (Long et al.,, ICML 2015)
OFXAERE—E  EEHERE (Felbo et al., EMNLP 2017)
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ORecall and Learn: Fine-tuning Deep Pretrained Language Models with
Less Forgetting (Chen et al., EMNLP 20205¢€IR)
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https://github.com/Sanyuan-Chen/RecAdam
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https://github.com/Sanyuan-Chen/RecAdam

OfETransformersigiNiEeEcss ( Adapter)

(Houlsby et al.,, ICML 2019) (Stickland and Murray, ICML 2019)
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(Liu et al., ACL 2019) https://dawn.cs.stanford.edu/2019/03/22/glue/
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OBAM! Born-Again Multi-Task Networks for Natural Language
Understanding (Clark et al., ACL 2019)
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ON-LTP: A Open-source Neural Chinese Language Technology
Platform with Pretrained Models (Che et al., arXiv:2009.116165¢IR)

O&FMIESRAFE (LTP)

https://github.com/HIT-SCIR/Itp/
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https://github.com/HIT-SCIR/ltp/

OFew-shot Slot Tagging with Collapsed Dependency Transfer and Label-
enhanced Task-adaptive Projection Network (Hou et al., ACL 20205¢€IR)
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x: Will it theg_time; Y 1-time| after[I_time] tomorrgwll_ﬁme]‘?

Trans: O > O —» B-weather ———» B-time ——» I-time ——» I-time ————» I-time
0.38 0.07 0.10 0.53 0.41 0.41



OZero-shot Word Sense Disambiguation using Sense Definition
Embeddings (Kumar et al., ACL 2019)
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OLinguistic Knowledge and Transferability of Contextual
Representations (Liu et al., NAACL 2019)
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OBERT Rediscovers the Classical NLP Pipeline
(Tenney et al., arXiv:1905.05950)
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OA Structural Probe for Finding Syntax in Word Representations
(Hewitt and Manning, NAACL 2019)
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