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Republican Trump replaces Obama as President of the United States.
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B /T A/ R IR Make a better world
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When Sebastian Thrun rerson = started at _
took him seriously. “I can tell you very senior CEOs of major car companies would shake my

hand and turn away because | wasn't worth talking to,” said 'Thrun rerson - now the co-founder and CEO of

online higher education startup Udacity, in an interview with 'Recode .
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Republican Trump replaces Obama as President of the United States.
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n-gram
syntax tree

Feature extraction Classification

Features Examples

Case Starts with a capital letter
Word is all uppercased
The word is mixed case (e.g., ProSys, eBay)

Punctuation Ends with period, has internal period (e.g., St., I.B.M.)
Internal apostrophe, hyphen or ampersand (e.g., O’Connor)

Digit Digit pattern (see section 3.1.1)
Cardinal and Ordinal
Reman number
Word with digits (e.g., W3C, 3M)

Character Possessive mark, first person pronoun
Greek letters

Morphology Prefix, suffix, singular version, stem
Common ending (see section 3.1.2)

Part-of-speech proper name, verb, noun, foreign word

Function Alpha, non-alpha, n-gram (see section 3.1.3)
lowercase, uppercase version
pattern, summarized pattern (see section 3.1.4)
token length, phrase length




Machine Learning

POS
n-gram
T syntaxtree
O O

Feature extraction Classification

Deep Learning

/ Feature extraction + Classification \
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Pipeline

End-to-End
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Michael Jeffrey Jordan was born in Brooklyn , New York

iy

e Tag decoder
Softmax, CRF, RNN, Point network,...

{

e Context encoder
CNN, RNN, Language model, Transformer,...

i

@ Distributed representations for input

PR ﬁfﬂﬂ%’%

TR

A

AR =

Pre-trained word embedding, Character-level
embedding, POS tag, Gazetteer,...

IPAN >

Michael Jeffrey Jordan was born in Brooklyn, New York.

Deep Learning Based NER

A Survey on Deep Learning for Named Entity Recognition, Li et al., arXiv, 2018
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» Word Embedding
- Glove / Word2Vec / Random Init

Input projection  output

Russia«
Japan<

Turkey<

Poland¢

Germany<
France

ltaly<
Greeces

|l Spain<

*
-1.5 - Portugal

I Chin

¢

»Beijing

Moscow
Ankara Tokyo

*Warsaw

52 =>Berlin
Paris

» -=Athens
Rome

*Madrid

»Lisbon

- 1 1
2 -1 -1

Word2Vec (skip-gram)

1
-0.5

I
0

1
0.5

L
1

Good Representation :

Country and Capital Vectors

Distributed Representations of Words and Phrases and their Compositionality, NIPS 2013
GloVe: Global Vectors for Word Representation, ACL 2014
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» Character embedding (less UNK, morphology)

RNN/CNN/Transformer based char-level representation

o
Character-level Character-level
representation | ‘ N representation Concatenation

Convolution

Ve OO
Embedding ‘ ’ ‘

PR

P

( Embedding layer

)

X 1

Sequence Sequence Start  J r d End

HETFCNNHIZEFFR B TR ETFRNNRIFEFFER AR

End-to-end sequence labeling via bidirectional Istm-cnns-crf, ACL 2016
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»  Pretrained Contextual Embedding (contextual)

- ELMo / BERT (B3R AT TIE/FEIZ TER)

mﬁ Mask LM Mask LM /@ /%D StartEnd Span
v *

L aem mum
Le (T ] EAE EAFNES - ESEWMEA

BERT e =) - BERT

LE [ Een |l & | [& ] -IEI LE [ Boen || & ] [&]

™ N . —— ™ —

LI LT LT L] L} L LI LI

o ). () EE. EEE. &

Masked Sentence A Masked Sentence B Question Paragraph
* *
Unlabeled Sentence A and B Pair Question Answer Pair

Pre-training Fine-Tuning

BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding, NAACL 2019
Deep contextualized word representations, NAACL 2018
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Republican PER replaces Republican LOC replaces
Obama as President of the Obama as President of the
United States. United States.
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CRF Loss Layer |<—1—r CRF Loss Layer
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Sequence Modeling Layer
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Word Representation Layer

f

wy w; Wy,

. fRHY
> E— BRI ERR, FRATeacher Network

: Representation Predict Layer !

Wi
(0oV)
Teacher Network Student Network

Republican Trump replaces
Obama as President of the
United States.

> YIE—1O0VIaZRZM&EE (Student Network): FB—MERY_E FSFMXIARYFHF 75 FlixiERT

xR, [FHESFTNRIEZERSRETeacher NetworkehEiFaIZEIN

Learning Task-Specific Representation for Novel Words in Sequence Labeling, [JCAI 2019
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| LT3 4mha2s

* Recurrent Neural Network (RNN)
FHIMERN A, eeteE, REE

Tag Decoder (

Sequence tagging layer

Lookup ( Distributed representations for input )

OO

Sequence Michael Jeffrey Jordan was born in  Brooklyn

Bi-LSTM for NER

Bidirectional LSTM-CRF Models for Sequence Tagging, Arxiv

* Convolutional Neural Network (CNN)
FHTIEITIEER, MWEIMIKIER KR

Dilated CNN

Fast and Accurate Entity Recognition with Iterated Dilated Convolutions, EMNLP 2017
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+ AFFIEEIKIRRRIEEE S eI 1980429 7 12, R

- RNN F72iEaFREEISE IR ER o
] R A O e R 5 357 4 11 R

/\

11360 ST A T 19024 1 BIBTHREE.

LSTM THEEE LR,
*U%Eiﬂﬁ‘-ﬂ, ERIFR
fRS Rk R SIER

Long Short-Term Memory with Dynamic Skip Connections, AAAI 2019



| EFTransformerfy ETXHREE

* Transformer (Encoder)
RER, seEEEVKIEEMK, NUELEE

Transformer

Louis| |Vuitton| founded |Louis| [Vuitton||Inc.| in
PER PER ORG ORG ORG TIME

Q,K,V=HW, H HW,,

Embedding
t—7 t—7 Module
10000274 ) <5 Too00zizan ) )

Ri_;j=1... sin(

J

D Character Embedding D Extracted Character Features D Word Embedding

Self Attention . Multi Head

Al = QI Kj +Qf Re—j +u' K; +v' Ry,
Attn(Q, K, V) = softmax(A")V,

TENER: Adapting Transformer Encoder for Name Entity Recognition, Arxiv, 2019
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R ANFIZj 5
Chongqging Renhe Pharmacy

)k

Pharmacy

(718 Lattice)
Chinese NER Using Lattice LSTM, ACL 2018




| imsapThc

e Tag decoder

Softmax, CRF, RNN, Point network, ...
AN

L=

IR MR )
Chongging Renhe Pharmacy

Al i} )5
And Drug Shop
24k )

Phérmacy

9 Context encoder
CNN, RNN, Language model, Transformer,...

.Y

A 4

o Distributed representations for input

Pre-trained word embedding, Character-level
embedding, POS tag, Gazetteer,...

Deep Learning Based NER
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Guangzhou) \Guangzhou City) | Major Chlmelon Park

CNN-Based Chinese NER with Lexicon Rethinking, I[JCAI 2019



| £F CNN REBHFIBH3Z NER

/ Sentence
Semantic

v ECNNE—ERIEXS

R EEIRNE e
v FERethink#lH1E= Guangzhou C19 Trigram

REERIRERE, 18

SHEENESE
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Public Garden|
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- BAFEL
-- BRAIBS AR SHIFSIEH
-- IIRERD ERANEBER, ETRNNAVERREGEIRIERIEA SN

B-GPE B-LOC E-GPE M.LOC EUEJ uu.f e
\‘7/ \\'?// The Indus River, Flow through india
B - - - '\\

ED - b I Y A S I =S __,fE:

Yin Du River Flow Through

N s
E Partial b P
India / Sequence River

-+

A Lexicon-Based Graph Neural Network for Chinese NER, EMNLP 2019
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A EREERIIGNNEEEGF 3. (EHIEREEYLH] (Aggregate
A AR AR RIEE ISR + Update) BEFERINE

Sentence Lexicon Words m

C,: & (W) Wia X (Wuhan)
C,: SX (Han) \Vur FHIN (Wuhan City) m
C,: T (City) W, ¢ T (Major) (@ e—ec
C, 1 (Long) \V‘LS: 13T (Yangzi River)

C, i1 (Riven) W5 At (Bridge)

C. X (Big) W, 1T AHF (Yangzi River Bridge)
C,: #f (Bridee)
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R Add & Norm |
Z G Feed
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Forward

r

Add & Norm |

Multi-Head
Attention

1t

. J/

Transformer,
YES!

Lattice LSTM

FLAT: Chinese NER Using Flat-Lattice Transformer, ACL 2020
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Linear & CRF

Add & Norm

4 Add & Norm
I Self-Attention

Embedding

token B R A % I
oxen Chong Qing People Drug Shop

Head 1 2 3 5 6
Tatl 1 ) 3 5 6

Renhe Pharmacy Pharmacy

—dy

Chongging
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- BAZEIL
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1) EFXRIBELNES, REMEETEE
2) FHYHEEMKRLEEN (ROLSTM/CNN) oft, ot
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AL HF

Yangize River Bridge

Soft-lexicon method

Lattice-LSTM
EZRINRETIE

HEESSINBATRTE
Simplify the Usage of Lexicon in Chinese NER, ACL 2020




Predictions

CRF layer

Sequence
encoding

Concatenation

SoftLexicon <
feature

B-LOC E-LOC

Bi-LSTM / CNN / Transformer

layer

BaRERESE
BINTTETF

(=]

Nal

=Y
(Chinese language) (Linguistic)
iB= =ig
(Language) (National language)
PERE i
(Chinese language) (Language; Say)
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[ I-Person [-Location ] [ [-Person I-Location ]
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B-Location
I-Location : 0.29
B-Person
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| FEFFENIB-IREEAEFED

- U ERIEPIRERIKEIR R
- TR YESLLRERDIRERIS

B-Location I-Location

?E ﬁ I:l:;@l“i 0.12 r I-Location B-Location
/ Qgﬂ o] B-Location I-Location
035{ B-Person I-Location

B-Location
I-Location
B-Person
I-Person

End-to-end sequence labeling via bidirectional Istm-cnns-crf, ACL 2016
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SoftMax

Tag
LSTM

Learning Tag Dependencies for Sequence Tagging, IJCAI 2018
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F5EIH

-- Softmax Efgtngs, FHiTHES
-- Transformer tR&HME1E, FHITHEND, KIEEKHE, EREHE

True Label B-LOC I-LOC
X v
Refinement B-ORG I-LOC

A SR R
Transformer VI

B-LOC [-ORG E-LOC

Softmax T T
United Arab Emirates

Uncertainty-Aware Label Refinement for Sequence Labeling, EMNLP
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Eﬂ: %Ejﬂ:)-l’ True Label & B-LOC”‘

-- Softmax BEfEHRes, FITHERD Refinement NP ,

-- Transformerﬁ\ MEIE, F1TERMS, KIEE(KER
M EMEEI AR E PG LEsa R G HE Draft Label B-?OC - E-ITJOC

Input «-+ United Emirates

Uncertainty | Refinement | #Tokens
v 0.018 v ->X 39
X 0.524 X=—>v 54

[ . Table 1: Results of LAN with uncertainty estimation
Bayesian NNs for evaluated on CoNLL2003 test dataset. ¢ refers to the
Uncertainty Estimation correct prediction, and X refers to the wrong prediction.
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o~ [Local Dependency

... B-PER E-PER O O O O 0O O..
..Rusty Greer 's two-run homer in the top of ...

»

~

T Document-Level Local Dependency
y Dependency P

O O OOS-PER O O O O O B-PER E-PER..

... With one out , Greer hit a 1-1 pitch from Julian Tavarez...

A

Identical -

.0 0O O 000 000 OO S-PER O O..
.. a good swing on it and put it in play , Greer said . ...

Leveraging Document-Level Label Consistency for Named Entity Recognition, [JCAI 2020




| STHSLRAINER: two-staget&E

. FBayesian Neural
NetworksE25—
ERTRNIRYAFEE 4

. Fimemory network
1%7(?321‘%if&thokenE’J

J:FI*DE*U*T |:|:u\
. FHTwo-Stream

Transformeri&§3E—
B ERBYTINFO S A= B
nuﬂiﬁ#ﬁreflne
. IREFHEFI TR T ERSS
RAVES

Final  (B-ORG|

Predictions

Draft
Labels

Uncertainty

Variational
LSTM
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Rocky is ready for snow season
-EE 5Tk
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e e WP

ZARSHEXHIBIT . "Rocky" 2RI BF(MISC), AR
EBXAER, BESK Rocky iRHIAAH(PER),

Adaptive Co-attention Network for Named Entity Recognition in Tweets, AAAI 2017
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What should we do in the post-BERT era?

4

Rethink the Generalization of Neural NER Models

4

Diagnose the bottleneck of existing NER system

Rethinking Generalization of Neural Models: A Named Entity Recognition Case Study, AAAI 2020
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[ — FAIRRENRSLE G Z(UEES], KRR R HIT T —LixEXAYRIRILES?
&

fatnl SCAEEER R EEFRISLURE)IZx g0 IR &
EF' ! #%&*ZTTI.E% 1: E ﬁ?@ﬁ!ﬂ’ﬂtlﬁw ( EC R) Embed-layer | Entity Coverage Rate

Datasets Char  Word | Overall 1  (0.5,1) (0,0.5] C #0

AREAE RN Z L E CNN - 7642 7994 8699 7884  69.74

FLAIR - 89.98 9530 9558 8239 72.16
ELMo - 91.79 97.61 9598  85.15 71.43
Model CoNLL BERT - 9134 9772 95.17 86.66 77.83

: Rand | 7843 9505 9475 7354 37.97
(Devlin et al. 2018) 92.80 GloVe | 89.10 9844 9631 8134 57.80

CNN Rand 82.88 94.13 9448 7425 47.78
(Peters et al. 2018) 92.22 CNN GloVe 90.33 98.32  95.94 80.33  59.67

(Akbik, Blythe, and Vollgraf 2018) 93.09 ELMo GloVe | 9246 9808 9646  86.14  69.79

(Akbik, Bergmann, and Vollgraf ) 93.18 FLAIR GloVe | 93.03 9856 9638 87.07 73.58

X CNN - 20.88 4599 67.01 4025 19.14
Our Implementation FLAIR - 4149 81.15 88.14 5436  39.56
ELMo - 4370 8872 90.83 5556 44.19
GloVe 89.10 BERT - 44.08 7775 8161 4974  34.65

- Rand 1497 60.62 83.84 50.00 3.90
ELMo 91.79 GloVe | 3728 8929 9262 4565 35.34
BERT 91.34 CNN  Rand | 2229 4888 7143 39.08 16.75
FLAIR 93.03 CNN  GloVe | 40.72 8612 9224 4974  26.67
ELMo GloVe | 4533 9038 8992 5657 378
FLAIR GloVe | 4596 90.52 8992 61.69 42.07

ZECoNLLAIWNUTZH 73 $04E & - A9 M B8
(RAAE /T 2R BE)

7ECoNLL 2003 X HiEE & LAY M 88 (F1)
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AR — #IREAB N RER AR 52 (U RIFAIHE MESFIZ A — AR AR M43 ?
ERXBEEENRAA B HEF A

?E*B_KZ: gg{zlg%%;{_(gﬁgé (EECR) Train | WN. Co. BN WB MZ NW BC | Prow

WL 46.6 6.50 11.7 098
Co. 22.2 19.8 17.3 0293
BN 24.4 36.2 423 093
WB 19.6 28.3 258 0.3

MZ 15.3 . 32.2 26.6 089

mEtn3: SHR E X EFSE  (CCR) s | e 52 703 0%

BT R—EBDHIREIGFIR P00 e
%E"J;E{ZISE,‘JJ:—FS‘Zdz Hﬂ’l"ﬁz Co. | 0325 1. 036 037 094

BN 0.35 045 065 095
WB 0.27 N 034 052 091 52
MZ 0.15 Lo 031 023 099
NW 0.20 0.34 100 041 092

BC 0.28 036 100 0.87 50

1 2

i 5 8 7

P-col 0.95 . 5 097 092 092 078

3
o [am o w0 om L S HCREIRIR S AR 2 B 1-

Co. X 020 013 027 091

BN ) 056 034 018 065 088 SCOfeEll‘Jgﬂf,

WB 0.88 042 023 070 070

Mz | o3 . 1e0 033 ocs 037 EECROEEF (41&) | HF (B&)
BC h 052 032 019 L00 090 %[]Biﬁ*}lmﬁr% (E@)

P-col 0.85 097 096 045 093 093 083 0389

A% B THYF1 score, EECR, % CCR
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Self-diagnosis
Comparative diagnosis

M1: CbertWnoneLstmMip
M1: CennWgloveLstmCrf
M2: CennWgloveLstmMIp

Overall F1

| dnASElF

Interpretable Multi-dataset Evaluation for Named Entity Recognition, EMNLP 2020
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