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O9#ENRIE ( distributional semantic hypothesis )
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S 4%t ( Distributed ) A%

OER(R%E. A=, EEfImEFRE
O@Ed "B NhZEERFIERE
OtEFRAERN ( Word Embedding )
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O%ERE
LSA NNLM * SENNA* Word2vec*
(Deerwester et al., 1990) (Bengio et al,, 2003)  (Collobert et al., 2011) (Mikolov et al., 2013)
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LDA 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-1NAFTNEEN™ME (ESEE )
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0 Word Embeddings
0 Word Vectors
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i-th output = P(w; = i| context)
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tanh
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TR
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S SENNA

OSemantic/syntactic Extraction using a Neural Network Architecture
ONatural Language Processing (Almost) from Scratch (Collobert et al., JMLR 2011)
O "3 KRS - :
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% Word2vec

Ohttps://code.google.com/archive/p/word2vec/ (Mikolov et al., ICLR 2013)

OCBOW (Continuous Bag-of-Word)
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OSkip-Gram
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4V x1 d VI x1

Figure 3: CBOWHET! . Figure 4: Skip-gramf& % .
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https://code.google.com/archive/p/word2vec/
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S BT REMNEANEEES

OLearning Sense-specific Word Embeddings By Exploiting Bilingual
Resources (Guo et al., Coling 2014)

| OGEFAEE I
IR, ERR B R F 1. FhFE subdue
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OLearned in Translation: Contextualized Word Vectors (McCann et al.,,
arXiv:1708.00107)
0 CoVe: Context Vectors

OFI|ZNMTHEEY
EEncoder{E A BIMESAIERIMFE

)
()]

1 GloVe
GloVe+CoVe

=
N B

[ Task-specific Model ] [ Translation ]

)
o

initialized word vectors

% improvement over randomly
N B~ OO

. . a 5 \e} ©o <0 W O
Static Embeddings S T W& & N
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S ELMo ‘

ODeep Contextualized Word Representations (Peters et al.,, NAACL 2018)
OELMo: Embeddings from Language Models

OfER=ZFFRYCNNZRNE
O30 IENEEGRNAELRESRE
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Character Embeddings
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SNLI NER  SQUAD  Coref SRL SST-5 Dﬁ{ﬁ@;ﬁﬁ*ﬁ' (Che et al., CoNLL 2018)
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Char ELMo )

a w http://Itp.ai/
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%
(X Previous SOTA Bmm Baseline
Il Performance boost with ELMo
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CoNLL 20183iF:

LAS Ranking

O http://universaldependencies.org/conll18/
' ’ = | 1. HIT-SCIR (Harbin) 75.84 + 0.14 [0K] gg<0.0012|

OMultilingual Parsing from Raw Text to 5.5, Wripe Future Grave) 73,41 2 0,33 [0 o022
Universal Dependencies 3750 168 745 Clrssane 73i02 2 0.14 [0 (0,000
OEESE. D, ERE. REDESHES 7o weate toaio 7.3 035 00 Gro.190

7-8. Stanford (Stanford) 72.29 + 0.14 [0K] (p<0.001)

K, . A B
D;&]:E . 57*‘1}1«%5\ 824\*X‘j-§ ¥ HIT-SCIR / ELMoForManyLangs @ Unwatch~ | 44 Y Fork | 201

forked from DancingSoul/ELMo

|\ [ s |
D ?ﬁ E#I <> Code Issues 33 Pull requests 1 1"l Projects 0 [EE Wiki (@) Security Insights Settings

D E L M o . %}ﬁ?g . g¢2‘jﬁﬁmé Pre-trained ELMo Representations for Many Languages Edit

nlp elmo multilingual Manage topics

D I]/E\Ikg%?%% 1% P _‘I%_ H:II % 2% 2 R 5 % ® 45 commits 1 branch © 0 releases 22 5 contributors
D g _IE E L M OJ:F;},? Branch: master v New pull request Createnewfile | Upload files | Find File

This branch is 41 commits ahead of DancingSoul:master. i1#52 [5) Compare

D h tt S. it h u b .CO m/ H IT - ] Oneplus Update README.md R ———
SCIR/ELMoForManylLangs = configs

B elmoformanylangs don't do pointless indexing into layers; just return all of them 9 months ago

[E) .gitignore update last year
[E) README.md Update README.md 4 months ago

[E) setup.py fix issue #16 11 months ago


http://universaldependencies.org/conll18/
https://github.com/HIT-SCIR/ELMoForManyLangs

ELMoaft 283 ?

— y=0.24x+0.03 %

OBBURFIARERIFIRVERSR (Liu et al,, T x

TALLIP 2019) I
L2 B Lo
3 % x . *ox

Il

=]

o
L

[=]
o
o

>

X
x X x Xy X
.00 x % Xx xX x
x
0.00 005 010 015 020 025 030 035
OOV rate
ELMoEsRAIMBS R SREFIALUHIERR
a . b X *'x - A
20 20 ‘&t & A?oo‘ u .
+
| "\-+ . ’,e XG el ®
10 4 , X ) ' J " 104 ?EOP“’%( .“ 4 ‘.- .:( :A:- -
0 . )»0 , X ety |
L . 0- Ly en
L x4 g&*& 'Z%‘ﬁﬂ.’:*
o k ~104 +° . A%y
—20+ 2 il [ PROPN‘{» ® ++ A "'-t‘j.:c‘ 'T:. e " -
CHEL —— NouN X xx e X
A X .

B B s t

m Basline m +ELMo

20 30

o
-
o e

REFARIML
(£ : EREXIEMAE | A - Word2ved) 2



&SR ET0)|145%
O - FXEXAERE
ONLPRYFI) || 25i=EY
O || = 2RI A
O || Z R BRI o AT
O || R BRI %

23



S GPT

OImproving Language Understanding by Generative Pre-Training
(Radford et al., 2018)
O GPT: Generative Pretrained Transformer
OfEA12ERYTransformer{EAEncoderfili)|| R B SRS
O HRMES L ( Fine-tuning ) R8¢

Classification | Start l Text | Extract |:|-| Transformer |—-| Linear |

Entailment | Start l Premise | Delim I Hypothesis | Extract H——{ Transformer H Linear |

| Start I Text 1 | Delim I Text 2 | Extract H——{ Transformer
Similarity Linear
| Start I Text 2 | Delim I Text 1 | Extract H——{ Transformer
Word

| Start | Context | Delim | Answer 1 |Extract |:|——{ Transformer H Linear

Embefifimgs | — Multiple Choice | stat | Context | Delim | Answer2 | Extact ﬂ——| Transformer [+ Linear
rhedames 1@ 0) (@) @@

Embeddings I\ ____________________ | Start | Context | Delim | Answer N | Extract |}—| FTanarormer H e
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«
OPre-training of Deep Bidirectional Transformers for Language =

Understanding (Devlin et al., NAACL 2019)
0 BERT: Bidirectional Encoder Representations from Transformers

bidirectional
Transformer

Word Piece
Embeddings
Position
Embeddings
Segment
Embeddings
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BERTt=BS 1 £ %

O4RA388 O Fl15ESS O fNAEAT

O & : Word Piece O SR + T (NSP) O EB#RE55 LFine-tune
O 4wf5=% : Transformer O POFYESZ LAY

DataSet

Class Class
Label Label
_‘
5 G=lD-
Stage 3 Add & Norm et
Feed Sentence B
Forward [alle ] [&][Emlle] -
....................... ER EEp 0
Stage 2 Nx ~>{Add & Norm ) : Sentence 1 Sentence 2 Single Sentence
Multi-Head H (a) Sentence Pair Classification Tasks: (b) Single Sentence Classification Tasks:
ulti-He: MNLI, QQP, QNLI, STS-B, MRPC, SST-2, CoLA
Attention RTE, SWAG ©
\ } Start/End Span
Stage 1 Positional ® BERT
Encoding : Predict Masked Words Binary Classify NextSentence
e I Eald- G-
Embedding | ‘ + : = OER- 0

Question Paragraph Single Sentence

|npUtS Masked words IsNext/NotNext (c) Question Answering Tasks: (d) Single Sentence Tagging Tasks:

SQuAD v1.1 CoNLL-2003 NER



BERT R FH3ZR

DieXFRIFT T 11 I NLP (ESHIHRIRItEEER
O TERIBHEZIRE TARSHEES M

Model EM F1

Human Performance 86.831 89.452
Stanford University
BERT + DAE + AoA (ensemble) 87.147 89.474
Joint Laboratory of HIT and iIFLYTEK
Research

BERT + ConvLSTM + MTL + Verifier (ensemble) 86.730 89.286
Layer 6 Al

SWAG Results

100 arxived | |Oct2018
M Question and Answer June 2018

BERT + N-Gram Masking + Synthetic Self- 86673  89.147
Training (ensemble)

Google Al Language
https:/github.com/google-research/bert

BERT + DAE + AoA (single model) 85884  88.621
Joint Laboratory of HIT and iIFLYTEK
Research

75
Jon 15,2019 Microsoft Research Asia

BERT + ConvLSTM + MTL + Verifier (single 84.924 88.204
Mar 13,2019 model)
Layer 6 Al

Accuracy
N
o

BERT + N-Gram Masking + Synthetic Self- 85150  87.715
Training (single model)
Google Al Language
https://github.com/google-research/bert

25

BERT + Synthetic Self-Training (ensemble) 84292 86967
Google Al Language
hitps:/github.com/google-research/bert

SQUAD2.0

1
[ Mar 20,2019 |
2
[ Mar 15,2019 |
3
| var 05,2019 |
4
[ Mar 16,2019 |
5 BERT + MMFT + ADA (ensemble) 85082 87615
Jan 15,2015 ]
5
[ var 13,2019 |
5
[ var 05,2019 |
6
a0 10.2015 |

Human FastText LSTM+GloVe ESIM ESIM+ELMo  OpenAl GPT BERT
£

@

The Stanford Question Answering Dataset
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BERT A = R HIS2 Mn

OF)||86E55 O FRELK/)N

Effect of Pre-training Task Effect of Model Size
B BERT-Base M No Next Sent m Left-to-Right & No Next Sent = MNLI (400k) == MRPC (3.6 k)
B Left-to-Right & No Next Sent + BILSTM 88
90
86
85 >
M g 84
5
> il 8
§ 80 ; 82
8 o
< 80
75
78
50 100 150 200 250 300
70 . .
MNLI QNLI MRPC SQUAD Transformer Params (Millions)
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BERT 1A
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ERNIE ( BE )

OEnhanced Representation through Knowledge Integration (Sun et al.,
arXiv:1904.09223)

Learned by BERT Learned by ERNIE
COOERNIE 1.0
O MaskAR3ZialaksLif i H B B xs
C1ERNIE 2.0 - e
0 ESH SiiiiREGRRMRRIAREE  ASERERSRRRGRARRRER

O B ERIT)I1Z

MRERRLINER, ERKSXHER

1155 ERNIE 1.0 &5 ERNIE 2.0 FEXIREY ERNIE 2.0 R &Y
Knowledge Masking
Word-aware Knowledge Masking Capitalization Prediction Knowledge Masking

Token-Document Relation Prediction

Structure-aware Sentence Reordering sentence Reordering
Sentence Distance
Semantic-aware Next Sentence Prediction  Discourse Relation Discourse Relation

IR Relevance 31




SpanBERT

OSpanBERT: Improving Pre-training by Representing and Predicting
Spans (Joshi et al., arXiv:1907.10529)
OfEE—RYF , BYZFIRNNRRTTRUERFE A
OXBRNSPHUIEGREIR ( BT EEARE , FS57I)
OTEERFEUESS | AHEElaEPRIREF

L(football) = Lym(x7) + Lsso (X4, X9, P7)

an American football game

?

L [ [ [ | [ xs [ [ %o ] [ %0 | [ % [[x0] | %0 || xuf[ xi2 |

Transformer Encoder

Embedaings | P1| [ P2 || Ps || Pa | | Ps || Po|[Pr|[Ps |[Po]] P [ Pu]| P |

+ + + + + + + + + + + +

E?rll(l?:ddings |Super| |Bow1 ‘ | 50 | | was | |[MASK]‘ |[MASK]‘ ‘[MASK]| ‘[MASK]| ‘ to | ‘determineH the ‘ |champion|
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S MASS

OMASS: Masked Sequence to Sequence Pre-training for Language
Generation (Song et al., arXiv:1905.02450)
OiZEaFHPI—RF
OB EREPD | (FHseq2seqiRBYEHNZER N F
OBEGENTESEMES | s hE

Encoder Decoder

| |
PEUOUD®E 50 8 EY EA 1A 00 0
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Ot& B E48 S5NE
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ERNIE (5% )

OERNIE: Enhanced Language Representation with Informative Entities
(Zhang et aI ACL 2019)

OfEF)|8RE S | BANREIE PSRRI RN N AR

__________

HOR e G N
Token Output Entity Output HEE : HE2) N
1 |
| ! 1
Token Output 1 V@ ' Entity Output
Aggregator N SN P ., W2 Y P
~ _

Information s {
Feen Aggregator
K-Encoder Mx [ Information Fusion ]
Multi-Head Multi-Head —
[ Attention ) [ Atentior ) ’__t_\ ST A It T
s s (ot (0 Y ------3 e
L 2, N RNy
N o) (20 (20) (o) .. (30 o ~0)
\ LW (" W3 ) (M4 ) Wn €] €
\ — N
Entity Input A
AN [ Multi-Head Attention ] Multi-Head Attention
\
T-Encoder Nx
Token Input wgi—l) wg"l) wg—l) wl(;-l) vee wg—l) egv'—l) egl'—l) Entity Input
bob dylan wrote blow 1962 Bob Dylan Blowin’ in the Wind
Token Input Bob Dylan wrote Blowin’ in the Wind in 1962
(a) Model Achitecture

(b) Aggregator 35



KnowBERT

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

OTERARNTRENSRIZR AT | (EREEOIHEREIEER

E Prince_(musician)

| |< Prince_Motor_Company
-\ Prince,_West_Virginia
A e Purple_Rain_(album)
j._ S Purple_Rain_(film)

T T Purple_Rain_(song)
Rain_(entertainer)
Hi CITT] (L1111 [TTT] [T |< Rain_(Beatles_song)
T T T Rain_(1932_film)
Prince sang Purple Rain S

se
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OK-BERT: Enabling Language Representation with Knowledge Graph
(Liu et al., arXiv:1909.07606)

IRERIRTHEE N ER S I AFTRENR(ER
N

- [cusy | [ Tim | [ cook | [ cEO || Appte | [ is | [visiting | Beijing | | capital | | China | [ isa | [ City | [ now |

O 1Tl
O FFE e SR

Embedding Representation

Token

T+ +  + + + + + + + + + + 4+
sopeion o I e s 10 J7 1e J7 Je ]
. + + 4+ + + + + 4+ + + +  + 4+
reang LA JA JCa JCa JCa 1A [a Ja Jfa J[a 1[a J[a J[a]
TTTTTTTTTTTTTTTTT T T T CTTTmTmmTmmTmmmmTmmmmmmm '_;lttb-l_lcll-_'- """""""""
Sentence Tree 1Embeddmglayer E - e0 1a t{l ; 456789101112

B °° oses Ba

0 12 S 6 7. 12 | ;| eceeeeee e

[CLS] Tim — Cook —— is — visiting Beijing — now ! 30000
0 1 2 3 4 5 6 Rye
3 8 10 5 000 00 [ J
CEO capital is a Seeing layer 1 6 000 [ ®
3 6 [3 1 7 000 00000000
ray: hard-position index \ 4 / : 8 =5 invisible
gray: hard-p Apple 9 " ' 9 000
red : soft-position index 4 C%lina 7'ty i ig oo0 ° .E : : °
1
1

Input sentence: Tim Cook is currently visiting Beijing now

Knowledge Graph
Apple C/ity
K-BERT Nceo
K.n(lywledge - \ is.a
ey Tim Cook Bejjing
China — capitall
Sentence tree:
Tim — Cook — is — currently — visiting — Beijing — now

\ AN

CEO — Apple I China — capital is_a — City
] ‘

l Embeddings i Visible matrix

Mask-Transformer Encoder

l

Tasks Classification Sequence labeling
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RoBERTa

ORoBERTa: A Robustly Optimized BERT Pretraining Approach (Liu et
al., arXiv:1907.11692)
OETFBERTIHTHEAS

O B2aEdE . EAMbatch , EKAYIIIZRRTIE]

00 EBRNSPESS

O )I|GEREFFIERK

OiIZd18H |, ShEHZEMaskiINE
07£1,02432V100 GPU LIl T—K ! !
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BERT it f5d
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OB EES5ERES
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OXLNet: Generalized Autoregressive Pretraining for Language
Understanding (Yang et al., ACL 2019)
O{EATransformer-XL¥${<E57ZEE (Dai et al., arXi:1901.02860)

O EHEREATE
O BEFESHKEE (RIS T—NMNE ) EAREI T
O BRIGIESHRE (R LT GRUHRENAE ) FlI4FEERRMAT—
ORI
O Bt HES ISR mA B EIFESRE
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DistilBERT

ODistilling BERT (Sanh et al., NeurlPS Workshop 2019)
OZR0E © ERIMREL | RHARERITINSEESR

millions)
GLUE BASELINE (ELMo + BiLSTMs) 180 895

BERT base 110 668
DistilBERT 66 410

GLUE BASELINE (ELMo + BiLSTMs) 68.7 441 68.6 (avg) 70.8 82.3 711 88.0 84.3 53.4 91.5 70.3 70.5 56.3
BERT base 78.0 55.8 83.7 84.1 86.3 90.5 91.1 90.9 87.7 68.6 92.1 89.0 88.6 43.7
DistilBERT 75.2 42.5 81.6 81.1 82.4 88.3 85.5 90.6 87.7 60.0 92.7 84.5 85.0 55.6
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ALBERT

=

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

OE/NRYERIEYEE (128 ) ,
O E%%%ﬁ;jég ( %ﬂ’\)ﬁﬁﬁ?’qﬂéélx—)ggg ) 2:::::: ' [ Transition Function ] —/
S TEFEN ( NSP ) BSUAE)FIREFRN ( SOP ) | Biock { g
O NSPHEERE | Multihead Self-Attention | z
O SOPEE1RFHERE \ 1 3
O2ER -
O %ﬁﬁkmﬁﬂ%{& [ Embed Input Symbols ]

O RESZ (RENBFTIRS
O EZ M EUHH T PSS —

Input Sequence
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TinyBERT

OTinyBERT: Distilling BERT for Natural Language Understanding (Jiao
et al.,, arXiv:1909.10351)
Transformer Layer: {___)

D Ea:%ui/l:\l%i’f% Embedding Layer: C]

sve - Prediction Layer: "y )
S — ;;I Eﬁ Layer Number: N > M ! . - - ) .
D %g E *lj‘ . Tea C h e r*;:l: Y Teacher (BERT) Hidden Size: d > d’ i’ Ane?;éﬂ;%it)mes Atte?u:{;(:‘xl)d]‘\ﬂ?)n'lces ‘,‘.

SEp S ; !

O fREEE CTD j .,‘
mlsa=walizli3 A Student (TinyBERT) | 'HHH H Hidn, e I “I‘
CP Lo = .

1

Attnlass
fe———

== e -
DE&%E?{E7-51§ <:> : . \ Hidd&gbsdt)ates Hilzgﬁﬁ')smtes /' :
j:E ] r‘ﬁ_'l‘;% {ﬁ N : Transf;)rmer T ~"—'—‘, :
OIEERERI.AME C ) ~Distllation " "
DR — R g : ;
/ =58 FEHYPFR ) —— !
i ' _,~'
i .\ MHA MHA 'I
A —f
Text Input TeacherI Layer StudentI Layer
@ (®)

N
)]
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OExtreme Language Model Compression with Optimal Subwords and
Shared Projections (Zhao et al., arXiv:1909.11687)
O Ea:%u /I:\|7Z< Pretrained Teacher BERT

O IMEZE ( 30K>5K) EREIECD

Masked

m (] Masked input words
I:IJZ)=l BRET ( FE=BRETEREN )

[:] Student vocab (small)
Ve N\ Teacher vocab (large)
3z

O &= /E486013 :

S == Transformer - -
O — R E =, (B

Masked LM

N
. v emy .
é ) Z = ( H
P s S~ .| Transformer
[ Transformer } |~ 7 E< ]
Layer .
. ~ y ] @
f Student Vocab
—— @f (T () (actine) (ieari)
Vocab Selection
[ | ] [ like ] [machine] [Ieaming]
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BERT it f5d

OEREE)IZB iR

ORANAFIRENS
OESMARYES

Of# REAA—E )R
DSB8 SR

OFESSEES
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OLSES A af)
O Cross-Lingual Dependency Parsing Based on Distributed Representations
(Guo et al., ACL 2015)
O&EF "#%S" "ARE

BESHAREFS

RES MrER R
L

BiREs | NrEEdE
Ha—
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OMultilingual BERT (M-BERT) (Devlin et al., NAACL 2019)

O0GoogleEH &mAY104FESBERT
O E=FEAL04FMESAIWikipediaBRiE%
OB ZEHEHERERWord-Piece
O RZIESRZME—#E ( Code-switching )
OFEZ N BIESES ERINLRE
O ja)#x
O NEREERTANES XS
O ERRAUNEEBERT

BOKN'JNG]Q‘S‘LI

CHAD. BONJOURCZE$
5ALUT%$VEZ[5§A’\7{) FLO"‘FnUQ‘JI
ELLOHUJAMBO,
a
Bauae “
af & %0?6 p BYS ]
o E ASALUT E20RAVO T
=40 N z52 (= N
e % sz »5EFE00 Q=
5 o2 oba pczasc‘E MIRE =S 5E DRES, =
£5 & (1278 325285155
252 59 SALUTONZDRAVO -, & & 32500 102 ok
CA 5@L Z% G, N Q2 0Pme =T
PP D 23 et g ZORAY mpsom 2z B Oro,
SE/E gE~ = X x2Z C2o'8,&m 89
20 BT S0 O M3SS50 110270 820D 222
o m=3s 5 D9 E 0% %lme g
z S B = 2 LEI>z 203
m 250 > [ ISP 2225
o ‘% =3
Afs0z 521 17
SRS | &0
SEHES ] M. %
o98E: il
éﬁ‘*g a5 o EC ZMERHAER
REo>Ce S8 S Sueng
Nl o5 858 - m RT3
Bpss sidsecn Hnds s
B D $ > =
a jiALLB?g iiegs B(\)/NJOUR* 5. &v ,% G =%°
) K. P > g+ = .
& Qi ke E O ORuLA M, &
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N8 P AH e 0 5 0 098T003
. OHA S E [0
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5L T BULAY106apZDRAVO TOIK
SNARTAY] 5 (& AHOJ I§ Sl
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1B s TnllZns S1=5

OXLM: Cross-lingual Language Model (Lample and Conneau,
arXiv:1901.07291)
O EAEIENEFE/IBERTEIRTHMIAN
O fEfMask @ X AINGETH
O 8
O R A HUE BB
O FEANEITEER

Mocelng (LD

4 A A
| Transformer |
I N N S S S S S S S
emvedangs |19 | [ e | [mas| |wasa| foue | [ vl | | 0sl | |was] san] |etwen| |mas] | 15 |
+ + + + + + +
emegangs L0 | [ 1] [2 | [e ] [e] [s] [o] [v] 2] [s][«][s]
emosaangs  Lon | [len | [en | [len | [en | [en | [ | [ | [ | [w | [ ][]
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IS8 SIRGIBERT

OCross-Lingual BERT Transformation for Zero-Shot Dependency
Parsing (Wang et al., EMNLP 2019)
O B R B = 70| 4 AOBERT
ORISUEDX P EAEIFREEAEERERE
OEdZMZSR , FERESH L T CGARERGTRIRES
Ofouss
OB EEERIENITERIR

Cambiar al Canal 4 )
(Change to Channel 4) He loves the movie

El canal esta
marcado por boyas
(The channel is
marked by buoys)

The ship went aground in
the channel
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OCross-Lingual MRC (Cui et al.,, EMNLP 2019)
OPRRIEINH BB S RE AR IR AR
OSRIEREEFREN B THEES
O73i%

O M EER A
0 Dual BERT

Translated Target Span
TR o - o
PaPa | | P Pac Py P |
O

"acl 01
i
Py Py ...
acted Target Span acted Target Span
Faae = o 3
X PR P I | Py Py Py.. Py | | Py .. P Pj.. P |
2 - >| Bilingual Decoder |
ERS S <

§ O [L\ =~
e e N
Source BERT Target BERT Target BERT
N e e o Source BERT Target BERT

CLS] 0. SEP] P, P,,[SEP
[CLS] Qu 5 Ou[SEP] Py < 1 [CLS] Cu Cix [SEP] Py Py [SEP] [CLS] Cu Cu#Qu O [SEP] Py Py, [SEP]
[+ P C [ P

Source Inpat Turger Inpus Tarsaliapni N ey WM

CcLs SEP] P P, [SEP CLS SEP] P, Pun [SEP

— [CLST Qi 0. [SEP] Py . [SEP] [CLS] Ou Q. [SEP] Py m [SEP]

; B Q. P P,

fs) Q"\_QY_Q,"[SEP]P\'_;_’;[ 1 Saun:elnpmI : @ " Target Input

rarget In

SUAEIERTAR Dual BERT 52



et BERT

OVideoBERT: A Joint Model for Video and Language Representation
Learning (Sun et al., ICCV 2019)
ORUXLM |, XA FIBERTAYEIA |, EIEFMaskialLAK ElfRIR

[CLS] ‘ Place l the | steak in I the pan [>] I@ By @@ [SEP]
A\ N\ A A\ 72N A A\ 72N A A\ N\ A /\I
r arc 2 2 Ll ar A 2 2 Gl

ELiE
[~ L

T T,

2

| T

|~

| T

| T

[~

K

T T

: o || T
= VideoBERT =

EPIace | | Ethe E Ein | | E(he | Epan | | E[>] | | Ev(-) | Ev(-) | | Ev(-) | | Ev(u) | | E[SEF’]

[MASK]

1 5 7 9 10 13 14

E

[cLs] E[MASK]

/\ /\ /\ /\ /\ /\ /\ /\ /\ /\ /\ /\
ha Ll AF - Aaf_ _Aar Ll L Ll A
GG s U e o il s G M D )

[Cut the cabbage into ] lPut cabbage in the wok l [Add soy sauce and ... ] [Pul on a plate the dish is

pieces. and stir fry. then keep stir frying. now ready to be served.

. Season the steak with | | Carefully place the steak || Flip the steak to the Now let it rest and enjoy .
input text . . input text
salt and pepper. to the pan. other side. the delicious steak.
------------------------------------------------------------------- /\
e I - - q
. B 4 N L iY {
\ i ) A\ V'S
\ e ) ¥ = o -
output video
L1}

\VideoBERT,




SHEIRSBERTIEL

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

Method Architecture Visual Token | Pre-train Datasets Pre-train Tasks Downstream Tasks
. . . 1) sentence-image alignment 1) zero-shot action classification
Fublished NAGEORERT single cross-modal Transformer video frame Cooking312K 2) masked language modeling 2) video captioning
‘Works (Sun et al., 2019b) (Sun et al., 2019b) . S .
3) masked visual-words prediction
CBT two single-modal Transformer Cooking312K 1) sentence-image alignment 1) action anticipation
(vision & language respectively) | video frame 2 2) masked language modeling 2) video captioning
(Sun et al., 2019a) (Sun et al., 2019b) X .
+ one cross-modal Transformer 3) masked visual-feature regression
. 1) sentence-image alignment 1) visual question answering
one single-modal Transformer . . .
. . 2) masked language modeling 2) visual commonsense reasoning
ViLBERT (language) . Conceptual Captions . . . . . .
‘Works 1201 dal f image Rol Sh 1.2018 3) masked visual-feature classification | 3) grounding referring expressions
Under (Lu et al., 2019) + inf cros§-m(ci) Trfms ormer (Sharma et al., ) 4) image retrieval
Review / (with restricted attention pattem) 5) zero-shot image retrieval
Just Got B2T2 sinele cross-modal Transformer image Rol Conceptual Captions | 1) sentence-image alignment 1) visual commonsense reasoning
Accepted | (Alberti et al., 2019) g g (Sharma et al., 2018) | 2) masked language modeling
1 COCO Caption 1) sentence-image alignment 1) visual question answering
LXMERT two single-modal Transformer + VG Caption 2) masked language modeling 2) natural language visual reasoning
(Hao Tan, 2019) (vision & language respectively) image Rol + VG QA 3) masked visual-feature classification
? + one cross-modal Transformer + VQA 4) masked visual-feature regression
+ GQA 5) visual question answering
1) sentence-image alignment 1) visual question answering
VisualBERT sinele cross-modal Transformer image Rol COCO Caption 2) masked language modeling 2) visual commonsense reasoning
(Li et al., 2019b) g 2 (Chen et al., 2015) 3) natural language visual reasoning
4) grounding phrases
‘Works in . . 1) sentence-image alignment 1) image-text retrieval
Progress Umcoder-VL single cross-modal Transformer image Rol Conceptual Captions 2) masked language modeling 2) zero-shot image-text retrieval
(Lietal., 2019a) (Sharma et al., 2018) . . .
3) masked visual-feature classification
Conceptual Captions 1) sentence-image alignment 1) visual question answering
Our VL-BERT single cross-modal Transformer image Rol P P 2) masked language modeling 2) visual commonsense reasoning
(Sharma et al., 2018) . . . . : .
3) masked visual-feature classification | 3) grounding referring expressions
1 LXMERT is pre-trained on COCO Caption (Chen et al., 2015), VG Caption (Krishna et al., 2017), VG QA (Zhu et al., 2016), VQA (Antol et al., 2015) and GQA (Hudson & Manning, 2019).
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CARELS

ERNIELO (BE)  Maskeplajakstir

ERNIE20 (BE) (HFE. 1BX. SaEEZHT)IIEBTR
TG E ( N SRl A=l

SpanBERT Mask—E3CA | FHI R FRIZR TR FAYE NS
MASS Mask—E3A | FRIFFELRSOANERGZERSIAS
ERNIE (jE4) BRMRERE RS ARIER NN T BRSBTS AR

NS = KnowBERT FERINFTRERSHSAR AT | SEREREIEEREER
K-BERT R BRI E A BT IR RATS AR

EERIES RoBERTa FiENSPEIR , FHREESHTIGNESE

FRRBNA—EUE@  XLNet (FRHY ESIEESRRMNT AR ; 5 Transformer-XLEEE KIS
DistilBERT (FFRMREEIRRIAN | LUVEEH) S ISR AR

EEYRAES MR — s N , ot N o e
ALBERT FENSPE#R , BUISOPIES 7 148E ; (FRSEL=5RI8A IR AR SRR aiEE
M-BERT ZESXARNS)EG , HEARFFRIKR Code-switching RSB SRR

o XLM BEXUERNHE/IBERTRYEIA , [FiTMaskXiEiE
SASTERT Rt Trans B B BER TR — S

VideoBERT FESAF RIS E/IBERTAIRIN |, ERIMaskimLAN EHEIR 55
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G0 SHRTERA (Fine-tune ) ?

OTo Tune or Not to Tune? Adapting Pretrained Representations to
Diverse Tasks (Peters et al., arXiv:1903.05987)
ONRA#HITFine-tune |, NIFE(ESERANEREE
ONR# TFine-tune & , IESHEXEEEREFH R

NER SA Nat. lang. inference Semantic textual similarity

Pretraining ~ Adaptation . v 2003 SST.2 MNLI  SICK-E SICK-R MRPC STS-B

Skip-thoughts - 818 62.9 - 86.6 75.8 71.8
91.7 918 79.6 86.3 86.1 76.0 75.9

ELMo & 919 912 76.4 83.3 83.3 74.7 75.5
A= 0.2 -0.6 32 33 2.8 -13 -04

: 922  93.0 84.6 84.8 86.4 78.1 82.9

BERT-base & 924 935 84.6 85.8 88.7 84.8 87.1

A=H-= 0.2 0.5 0.0 1.0 23 6.7 4.2




& EEIEER

OB : MEEN BRMES |, XN EEAEST)|I4HRE
O73i%
ORBRARE—E , EEEEZR (Long et al,, ICML 2015)

! jj<--> @9 (@0 (@0
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B AE

OB8%r : BEEN BinES  NEERAESTIEMEE

O3
OREERE—E, B
DERUSE—E , B

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

L,
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B AE

OB : BEEEN BinES  XNERRESTIIEIRE
I:I7’5;£
ORBEERE—E , EEEBE (Long et al, ICML 2015)

O8XRE5E—E , EIEHER (Felbo et al., EMNLP 2017)
O ﬁTﬁﬂTﬁF%’im (Howard and Ruder, ACL 2018)

JOIOROID)
M COICOMID)

Ly
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CEEZ By aprs

0B8R : BEENBnES  NERAESTIEMEE
075
I:I,\ﬁl%iﬂaa—}: E , BEHEERE (Long et al., ICML 2015)
FRARABA—Z , BEHEZ (Felbo et al,, EMNLP 2017)
El B TZEE#% (Howard and Ruder, ACL 2018)
=
O S =T
O 14 Eﬁﬁé‘ﬁﬁﬁﬂiﬁﬁiﬁﬁt*aﬂlnnﬁi
O BMRESENSHMENE ST IEMEELH TR | fEREMRK (Wiese et
al., CoNLL 2017)
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B AE

O7ETransformershiNiEERSS ( Adapter )

T /""" AN et TTTTTT T ~
' ‘ * adapter .
Transf / Layer
ransformer
Layer [eXeXeXeXeXeol
(_I— S A2
Feedforward

2x Feed-forward up-project
layer

Nonlinearity

T

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
\

Feedforw;rd A
Multi-headed [OOO000O0] T /
attention K K
N < [ ’ Input
(Houlsby et al.,, ICML 2019) (Stickland and Murray, ICML 2019)
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2553

OFERAZESFIER | GETRASHEEEEE

Task-Specific Linear Heads

Pe(c|X) Sim(Xy, X2) P.(R|P,H) Rel(Q,4)
(e.g., probability of (e.g., semantic (e.g., probability of (e.g., relevance score
labeling text X by c) similarity between X; logic relationship R of candidate answer A
and X; ) between P and H) given query Q)
Task specific T T T
layers
Single-Sentence Pairwise Text Pairwise Text Pairwise E— — —
Classification Similarity Classification Ranking T —
(e.g., ColA, SST-2) (e.g., STS-B) (e.g., RTE, MNLI, (e.g., QNLI) —— -
WNLI, QQP, MRPC)
’ 1,: context embedding vectors, one for each token.
.
T Encoder { embedding layers) : 24-Layer Transformer
Shared T
layers
’ 1;: input embedding vectors, one each token.
Lexicon Encoder (word, position and . .
Wordpiece Embeddings

f

‘ X: a sentence or a pair of sentences

Shared BERT-Large

(Liu et al., ACL 2019) https://dawn.cs.stanford.edu/2019/03/22#glue/
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2553

G

OBAM! Born-Again Multi-Task Networks for Natural Language
Understanding (Clark et al., ACL 2019)
O ZESFIFERMERES RS S MESRIMRE
O SRABFMAZRIBARAR |, MTUERS S eps R A e HATEER
O FERREZIESSHIMERE

Task 1 Task 1
Model Labels
1—A A
Task 2 Multi-Task Task 2
Model Model Labels
. distill train
Task k Task k
Model Labels




OFew-Shot Sequence Labeling with Label Dependency Transfer and
Pair-wise Embedding (Hou et al., arXiv:1906.08711)
O/NFEAZESIHRIZMNATHEES —
O IR FEIN AT R ImE ?
O fREZ BB |, FAISEFAREE

O FACRFEAYEE
O SLRBHEEE « IRE—FRENENG] , AR s A
O &53HEER © FAPair-wise Embedding BT EIFRIE

X: Wﬂl i.t i the[B-ltime] day[ll-time] after[l-time] tOm(’l‘r(“’V[I-time]?

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
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OZero-shot Word Sense Disambiguation using Sense Definition
Embeddings (Kumar et al., ACL 2019)
O _EFGERESFIREEE X AEFH T

BiLSTM

Sense Embedding
Prediction

Self-
attention

Natural l /L
Language J
Text e

Context Embedding

Attentive Context Encoder

Sense Embeddings

(O linkn.oz__;

Definition Encoder
neckwear consisting of a long narrow piece
sism [ @—0—0—~0—~0—0—0

Scores Sense
Labels

Max Pooling Ve
(@ @) necktie.n.01 embedding
Head Entity Triplet Training
Tail Entities necktie.n.01 Scores Labels

_______

N
’, 3 : \
0 1
I i

1

!

v neckwear.n.01, hypernym of, necktie.n.01

X fastener.n.01, hypernym of, necktie.n.01
Knowledge Graph Embedding

\
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S TRl SR S 1R

OJONERET ( Probe ) |, XREAGMEFHI T —ERI DT
OISR E RO R | IBSIRIT R IFAIREY
OIRFAYFRSS

O T ESIRET

OE R E35RET

O FESIRET
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OLinguistic Knowledge and Transferability of Contextual
Representations (Liu et al., NAACL 2019)

O7E161 NFHES i 7L bredictod Labels
O ERETRIHEEY | (EARSAEIRARES O I Y W S
0 & EERERESHERASM D KR Probing Model |

0458 . SR SO SUR. Y
O F) SRR B E RSB ESS PRI R Represontations
i B%T%%éﬁi*ﬁfﬁiﬁ%‘%ﬂiﬂﬂ’ﬂ&% Pretrained Contextualizer

OWEXQE. NER, HFIHDIRBIE 1 : f $

O RN NTEJ_—:E ( NELMOs ) E"JJ:E*M?E%*E% Input Tokens Ms. Haag plays Elianti

O TransformerZ=IFHAEANIL
O EHEXEIESIES LTl , SRS SRR _EF)lIZR8F
O fEETU)|ZrESREEEEAVENN , MR , EEEIEEXEIESESS T4k
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K(A) = 1.60 K(s)=0.19
e —-——

POS

OBERT Rediscovers the Classical NLP Pipeline

(Tenney et al., arXiv:1905.05950)
ORISR E. BIEEWREDTT. IKEEEDT. 6 e |
ST, BN, ISER. ERARE
CRIABIEIREZEN , XS TR BERT P R IS4 meRTR TR Ee
O RENE N ER I LIEE S EH TR T

K(a) =1.57

Consts.

Deps.

Entities

(a) he smoked toronto in the playoffs with six hits, seven IR I T _.I...-_Kf)_:_ois_
walks and eight stolen bases ... @
J S B
- o K(A) = 0.60 K(s) = 0.50
-g [ 2, 3) "toronto M ORG g ==BR ==--
= ] GPE
c _ _
1T, . Other v K(b)=0.33 K(s) = 0.01
% g 1t I [ [ [ [ [ [ [ [[[[]
B ARG1
_ D:I:D:D:EIII.:D_D:D:D::D_.:D
(' D ARGO g K(A) = 0.50 K(s) = 0.01
2] [ 1 2) smoked — [ 2 3) toront . Other § I S S S A I O B O
1 f 22

0123456789101112 0 2 4 6 8 10 12 14 16 18 20 22 24
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OA Structural Probe for Finding Syntax in Word Representations
(Hewitt and Manning, NAACL 2019)
OEETERI B FGaREZErFESESR | &FRYE—FIN
O F5) 112 ] REERIER

BERTlargel6

[/ 7 —\ == \ — — — ———\
The complex financing plan in the S+L bailout law includes raising $ 30 billion from debt issued by the newly created RTC .
N ; — A S~~~ L o

ELMol
—\ \ — Q /T o\ \ — / / — —\
The complex financing plan in the S+L bailout law includes raising $ 30 billion from debt 1ssued by the newly created RTC .
\ Y/ \ i N~— ; 7 / ~N~~—7—a=w— Y : / \ : / N~— \ : / \—7
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OWhat does BERT look at? An Analysis of BERT's Attention (Clark et al.,
arXiv:1906.04341)

OHLtHeaddn

Head 8-10
- Direct objects attend to their verbs
- 86.8% accuracy at the dobj relation

[CLS] [CLs] [CLS]

It It, It

goes declined declined
on to to

to discuss<! discuss
plug its¢? its

a plans~( plans
few fore for
diversified upgrading upgrading
Fidelity its. Jits
-funds current: current
by product product
name line/ line
[SEP] [SEP] [SEP]

ARNEFES T

Head 8-11

- Noun modifiers (e.g., determiners) attend
to their noun

- 94.3% accuracy at the det relation

[CLS] [CLS]

The The
.[I_(':]L:] 45-year-old 45-year-old
complicated former former
language General General
in Electric Electric
the (.:0' Co. :
huge executive executive
new figures figures
law it it
has \n:)ill ‘gi”

. e e
;:‘:dd'ed easier; easier
fight this this

time time
(5EP1 1sEP] ISEP]

BEZEARIER

Head 9-6

- Prepositions attend to their objects
- 76.3% accuracy at the pobj relation

[CLs]
[CLS] Short-term
Prices .\ Prices interest-
—of rates-
“»Treasury fell
—X%»bonds yesterday «

tumbled tumbled aty ‘at
in -in the~. the
moderate moderate government. government
to to ‘s~ 's

—~active weekly

trading* ~trading Treasury--
. , bill <5
[SEP)/ [SEP] auction, ‘auction
. L
[sep)/ [SEP]

Head 5-4
- Coreferent mentions attend to their antecedents
- 65.1% accuracy at linking the head of a
coreferent mention to the head of an antecedent

with with

Kim Kim joining joining
today today peace peace
as as talks, talks
she she between /-between
got got Israel \ Israel
some some and and
expert expert the X the
opinions opinions  Palestinians Palestinians
on on . .
the the The \ The
damage damage negotiations ‘negotiations
to to are are
her her
home home
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OFi)|

ZRRERNLP AR RARRITEA ?

V

SRR

4 15

HEIR HohZE
ETRN . R TAMET !
, 15X ERER . SEEERET"
s = . iBE "REGRENE,
iz S
. WWERE: "EE— ¢ [BRYIM : |
= TRIGESLT
. STIREE Bk
ST 2"

O BERTZETI) || ZriE B RERIFAUAR RIS X [B]RT

OEZETTERFREE TR , RARRRENAITREERAIRTENAH
O GLUE > SuperGLUE
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Ofi)l
i BIPPREEIE A= 3t
O{pEd=
O B ina AT || 5593
O AEBEAATARIESHITALIRE
O REEFANIENIESE | MASBHESR
OfpEERIEE
O & fMEREEEEE
12 (#2) 18 MHIR Z0miF (Lu et al., ACL 2006)
iR (#2) T EHT1ZiEtRE (Liu et al., ACL 2017)

18N (18 ) XANTGE FrolimE

ZRRERNLP AR RARRITEA ?

ZREUE 7
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OFi) || =80 N LPaBRAV IR R RTT A 7
OAJ3RIGEE 5 B RITI) || 454507 ?

Oe i TEE E9R SR ?
[ DistilBERTZERAE
O ALBERTHEERIRE I

O%N{alfEseq2seqfE55{ERIBERT ?
O ZwXEE (Wang and Cho, NeuralGen 2019), E=HEF

OaUAIRIIRSHT TR 7
ORI NI RTINS ?
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ONAACL 2019 Tutorial: Transfer Learning in Natural Language
Processing
O https://github.com/huggingface/naacl_transfer_learning_tutorial

O;5%NLPZEPre-trained Languge Model (PLM) 183G/

O https://github.com/thunlp/PLMpapers

OHuggingFaceF&ETransformers ( PyTorch BERT->PyTorch
Transformers = Transformers )

O https://github.com/huggingface/transformers

O T AN CEREEIe = AR MAYFIBERT
O https://github.com/ymcui/Chinese-BERT-wwm
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