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Outline

* Named Entity Recognition
e Task
* Features
* Related Work



Named Entities

* CoNLL-2003
* PER, LOC, ORG,

The defense secretary Donald Rumsfeld
— _J

ORG PER

* OntoNotes 5.0

* person, NORP, facility, organization, GPE, location, product, event, , law,
anguage
e date, time, percent, money, quantity, ordinal, cardinal



Gazetteer Features

* Senna
* PER
e LOC
* ORG



Word Features

* Embedding
e English -> 840B (common crawl)
e Chinese -> CNA (gigaword) + ASBC (sinica)

* Uppercase

e Upper-initial
* Lowercase

* Mixed



Character Features

* Embedding

* English -> Random initialization
e Chinese -> CNA (gigaword) + ASBC (sinica)

* Uppercase
* Lowercase
* Digit



Sequence Tagging

The defense secretary Donald Rumsfeld
— _J

'
ORG PER
: Chunk Labels
The — defense — secretary — Donald — Rumsfeld B (begin)
} } } | | | (inside)
0 S-ORG 0 B-PER E-PER O (outside)
E (end)
S (single)




Bi-LSTM for Sequence Tagging

We saw paintings of  Picasso Padding P 1 ¢ a s s o Padding
Word [ | | | | Character : : : : : : : : : : :
Embedding | — — - O Embedding —— ———{——H—H
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Word Features ] | | ] | Char Features ——H HHHHHHH HH—
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Char Features [ — — — — A-Mé
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LSTM Mo N o
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LSTM CNN-extracted

Char features
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Output

Layers
Tag Scores L o oy il Ll Jason Chiu and Eric Nichols. 2016. Named
Best Tag Entity Recognition with Bidirectional

Sequence O O O O S-PER LSTM-CNNs. Transactions of ACL.



Dilated CNN for Sequence Tagging

Ay

Emma Strubell, Patrick Verga, David Belanger, and Andrew
McCallum. 2017. Fast and Accurate Entity Recognition with
Iterated Dilated Convolutions. In Proceedings of EMNLP.



Results of Sequence Tagging

Model Sources CoNLL-2003 OntoNotes 5.0
BLSTM 90.67 83.76
BLSTM-CRF Huang et al., 2015 90.94 86.99
BLSTM-CNN Chiu and Nichols, 2016 90.98 -

Ma and Hovy, 2016
Deep BLSTM Strubell et aI., 2017 _ 86.19
Deep-BLSTM-CNN - 86.41
ID-CNN-CRF Strubell et al., 2017 90.65 86.84
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Outline

* Leveraging Linguistic Structures for NER

 Joint parsing and NER
* Tree-LSTM for NER
* Mitigating inconsistencies between parsing and NER



Constituent Prediction

[ Constituent J -> A plausible NE candidate

[ NNP ] [ NNP } Ungrammatical -2 Unlikely an NE

The defense secretary Donald Rumsfeld

. iy

Ungrammatical
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CRF-CFG for Constituent Prediction

= -~
NP PP
/\ /\
DT  NNP IN NP
|
NNP
|
the [District of Columbia] gpg

the

[District

IN NP

NNP

|
of Columbia] gpg

DT

the

NamedEntity-GPE*

NP.GPE PP.GPE

NNP.GPE  IN-GPE  NP-GPE
NNPLGPE
District of C01u|111bia

Jenny Rose Finkel and Christopher D. Manning. 2009.
Joint Parsing and Named Entity Recognition. In

Proceedings of HLT-NAACL.

13



Bi-Tree-LSTM for Constituent Prediction

senator Edward Kennedy

senator

| NNP | [ NNP |
Edward Kennedy

Peng-Hsuan Li, Ruo-Ping Dong, Yu-Siang Wang, Ju-Chieh Chou, and Wei-Yun
Ma. 2017. Leveraging Linguistic Structures for Named Entity Recognition
with Bidirectional Recursive Neural Networks. In Proceedings of EMNLP.



Bi-Tree-LSTM for Constituent Prediction

@ PO

senator Edward Kennedy




Bi-Tree-LSTM for Constitue

Vs N
)
\ J

senator

S~ N~ N
( ) ) ( ) ) )
N N\

Prediction

Vs N
)
\ - J

@ o 4

Edward

Vs N
)
\ J

Kennedy
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Bi-Tree-LSTM for Constituent Prediction

senator Edward Kennedy



Inconsistencies between Parse and NER

NNP | [ NNP | [ NNP]

senator Edward Kenned Taihang Mountain range
PER LOC
Type-1 Type-2
Cross Siblings Cross Branches

Peng-Hsuan Li. 2017. Leveraging Linguistic Structures for Named Entity Recognition
with Bidirectional Recursive Neural Networks. Master’s Thesis, Department of
Computer Science and Information Engineering, National Taiwan University. 18



Eliminate Type-1: Constituency Tree Binarization

NP~ Hea NP
(NP J [NNP [N | (NP ) (e

senator Edward Kennedy senator
— | NNP | [ NNP |
PER
Edward Kennedy
PER
Type-1

Cross Siblings Consistent
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Eliminate Type-1: Dependency Transformation

N
root nobj
nsubj det
e [veo) (o7 ] [ mh
Ben ate a cat

No Constituents No Type-1 Inconsistencies
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Eliminate Type-2: Pyramid Construction

Taihang Mountain range Talhang Mountam range

A\ 7

LOC LOC

Type-2
Cross Branches No Liguistic Structures
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Eliminate Type-2: Pyramid Construction

Taihang Mountain range Taihang Mountain range
LOC LOC
Type-2

Cross Branches No Inconsistencies
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Results of Constituent Prediction

Method Model Sources CoNLL-2003 OntoNotes 5.0
BLSTM 90.67 83.76
BLSTM-CRF Huang et al., 2015 90.94 86.99
BLSTM-CNN Chiu and NiChOlS, 2016 90.98 -
Ma and Hovy, 2016

Sequence Tagging BLSTM-CNN-CRF Lample et al., 2016 91.21 -
Deep BLSTM Strubell et aI., 2017 _ 86.19
Deep BLSTM-CNN - 86.41
ID-CNN-CRF Strubell et al., 2017 90.65 86.84
CRF-CFG Finkel and Manning, 2009 - 82.42

Constituent Prediction

Bi-Tree-RNN-CNN Li et al., 2017 88.91 87.21
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Analyses of Constituent Prediction

* Sequence Tagging vs. Constituent Prediction

Method CoNLL-2003 OntoNotes 5.0
Sequence Tagging 91.21 86.99
Constituent Prediction 88.91 87.21/88.92

93% Consistency

97%/100% Consistency
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Analyses of Constituent Prediction

* Sequence vs Tree

the first couple moves out of the White House on January 20th .

OntoNotes 5.0

Model Const-Only | Prediction Precision Recall F1
Bi-RNN X the White 85.7 86.5 86.10
Bi-RNN O - 87.2 85.1 86.14

Bi-Tree-RNN (@) White House 88.0 86.2 87.10




Ablation Study: Constituency Tree Binarization

OntoNotes 5.0

Model Binarize Consistency Precision Recall F1

BRNN X 93% 87.3 83.0 85.11

BRNN 0] 97% 88.0 86.2 87.10




Ablation Study: Dependency Transformation

CoNLL 2003
Model Parser Precision Recall F1
BRNN StanfordRNN 88.9 86.9 87.91
BRNN SyntaxNet 90.2 87.7 88.91
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Ablation Study: Pyramid Construction

CoNLL 2003
Model Pyramid Precision Recall F1
BRNN X 89.1 82.9 85.89
BRNN 0 90.2 87.7 88.91
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Ablation Study: Bidirectional

OntoNotes 5.0

Model Koran Precision Recall F1
Top-Down - 79.2 69.3 73.93
Bottom-Up PERSON 86.6 86.2 86.41

BRNN WORK OF ART 88.0 86.2 87.10
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He confirmed it by repeating the verses from the noble Koran and the two testimonies.
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Outline

* Constructing Deep Cross Bi-LSTM with Self-Attention for NER
* Deep Cross Bi-LSTM
* Multi-head self-attention



A Pattern Across Past and Future
* (Wi, We, wrg) = (0,0,0)

* (W1, we, W) = (0,0, 0)

* (W1, We, Wie3) = (B, 1, E)-ORG

* (Wiz, we, wr3) = (0,0,0)

* (Wl3' We, WTB) — (0' 0' 0)
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Deep BI-LSTM

H H I H
= = =
_FFFP_._,__,--"'"- -\_""‘-u..\__‘_‘_‘_\q_\_ _F.‘__'_,__—-""P _""‘-..__‘_H_
T . —
~_ 7 "““a_v/ x‘“&/
X X X

(a) C&N (b) Paralle]-BLSTM (c) Cross-BLSTM
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Self-Attention

N Y
T - e
1

BLSTM
X1 X2 X3 X4 Xs
, HW‘J@'(HWZ“')T _ _ _ Peng-Hsuan Li and Wei-Yun Ma. Constructing
"= o C'=ao' HW" C = [Cl Cc? . Cm} we Deep BLSTM-CNN with Self-Attention for
/d! . .
h Sequence Labeling NER. Under review.
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Results

Method Model Sources CoNLL-2003 OntoNotes 5.0
BLSTM 90.67 83.76
BLSTM-CRF Huang et al., 2015 90.94 86.99
BLSTM-CNN Chiu and NIChOlS, 2016 90.98 _
Ma and Hovy, 2016

BLSTM-CNN-CRF Lample et al., 2016 91.21 -
Deep BLSTM Strubell et al., 2017 - 86.19

Sequence Tagging Deep BLSTM-CNN - 86.41
ID-CNN-CRF Strubell et al., 2017 90.65 86.84
Deep Parallel BLSTM-CNN 91.44 87.69
Deep Parallel BLSTM-CNN-Attend (5-head) 91.37 88.13
Deep Cross BLSTM-CNN 91.24 88.39
Deep Cross BLSTM-CNN-Attend (5-head) 91.14 88.35
CRF-CFG Finkel and Manning, 2009 - 82.42

Constituent Prediction

Bi-Tree-RNN-CNN Li et al., 2017 88.91 87.21
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oh, New York was really fun

oh oh oh
New m York New New
York York York
was was was
really really really
fun fun fun

oh oh
New New
York York
was was
really really
fun fun
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am am
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Outline

* Named Entity Recognition
* Leveraging Linguistic Structures for NER

e Constructing Deep Cross Bi-LSTM with Self-Attention for NER

* CKIP NER
 Chinese NER
 Ancient Chinese Document NER

39



CKIP Chinese NER

Paste the text you want to process here(Chinese only):

LA E R 2 AR E AR R R R e - EEEREERRNTERZFEMETHERA
Bt FLIR  F-EElMEREREER » BEFEEAFEEMRE L,

HEF T TENE T IMEES - HENEN

"HAREY AR T B LR R L RERA

EER AR M RS EETERERT R

® CKIP WordSeg (soft boundary) CKIP WordSeg (hard boundary) CKIP Parser (hard boundary)

EEH I E FlTirersonz ATEIREHBorcHRERE R EE » 50 » EREFBereE BRI ERFFEMmMETHERIA °
S ETFrevent LK - H—B&EcaroinaullFEnore 2E RIESEBlere BT © B SR caRDINAL B FillvoRPIR HE A, ©

HE A person B TEERE MEMEAETS B Frersonit ©

TR A SR SRR LR PR S AL REAT A |

EER MM T AT ERERT SR

* http://deep.iis.sinica.edu.tw:9001/
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CKIP Ancient Chinese NER

—iF s L tab 3R

EFE R T IR(E L EEL

FHAEI Arlabel ~ BSEER « BUSC ~ 1832

- REHERAEERESECHMENNY MERTE R RERS O SR
- TUE RIS EREREIMIREIOEREE ZRIT

- REEE

TEMI R SRl E SRR

e e RS
- HEESELURERN COHIIFAG2E  AEEFEENERE TR E

- B RIEEAMIMERIE LGSR MERE R/ EIF RS
- s OHEHEERWEMERGRE IR R R SRS

o hE OBE

Mg O v ERCEREEN 0211002-87EEH:

Score

81.38%

93.50%

4.67%

80.87%

92.36%

95.45%

89.20%

Label

BT

|

|

]

Pt |

]

]

]

1574

HER A EREESE OB

FILRE R R RO R R 2

LREIET SR EENSE 2B

BE LRERHT O IAE2E

HEEE A RrEE i TPt

OFEEERREEETRE

E B 5E T RO IR AR B R

* http://sky.iis.sinica.edu.tw:9003/

v

010000016

#X

BEERE R RFEEOR L

ZEIMLH

R B RS R MR

AR R BN RS e &

AERERER R E AT

B PRFEAR R (R AR B SRR AR

BlEREF

A
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Ancient Chinese NER

2N——>020100001—dt=>/\ACE, UEXARE, AHE - . BT REATH HFEBE £ 1EEBHE XKt
3N—>020100001 — AR>S, EFCEILOGER. TH, L— K OAKE, BIFELEEER - F R BHE Fi
4Y—>020100001 —dRm>ERBrE, A ELUM. 54 =—— . AAFBEILER. BxHE. —F /EEBHE XL
5Y—>020100001 ——db >, . BEET. TH, ZE8—— . X8, UXHFE, BXT. +—— L/ EEL BB X
6N—>020100001 ——REM>TTEHIET . X8, BEHR/\PE — EEERE. FE - TKEMXE %R/ IE®/7BHE . Xid
7N——>020100001 ——HEEA>ETHE, mIIFE, 28, HEE —, HEEE. /\ABRF, &, L/ EEL/HB XL
B8N——>020100001 —REfi>. Xz, AEEEXBERER. —HE, TH, REX. KFE.EH %2 /EEBHE XL
9N——>020100001 ——FEA>TH, EEREE. t—AXF, —HE, BE, EBFEEMN.EMN, ——F/ERBHE KL
10N——>020100001 — REM MK, BERZz.] EMAEK —BEF/\BFR BEER.ERA £/ EE/BHE X
11N—>020100001 ——HEh >, (B, BX THBEFRZLTE >, 2F S NME 8. BX % /R BB XKig
12N——>020100001 —FE>F, BRAKERZ L, AERE —  BER, ARERR. /. 9E, —— R/ IER BB XKL
13N—>020100001—HRE>“ARH, G XT2KsELN . ZAPR, BIIEE AZEE 2/ EL/BHBE XL
14N—>020100001 —HREf>EEETE EBEF SEHE BB - . CEEIWEREELURE. AE. L /IER BB KL
15N—>020100001 —HRE>AR&KNKN, MtAEF HERE . ¥H R&EEREZF./\B R /IEEHE KL
16N—>020100001 ——HWEf>#F . /\BZIN, FEXHEE BE . 28 EXFHREKRA, 2%, £ /IEFR BB KL
17N—>020100001 —HRE->REFRHATEZ . EX EXFE - BIMKHA. =X, RAEKE -2 EE BB KL
18N—>020100001——FK&fi>. ZAKXKSF, BEHELAFRESFE o FEEEREFEENTEARE. > /IEFR /BB EKi
19N—>020100001 —FE>AR, BHZEE, FXHEED BE — BFESHE, HUESHRE. ] >R/ EEL/HBE KL
20N——>020100001 —— AR >m@ AFTEHE, 19KXT, BF, #E RKEE, EMA, HEME £ /IERBHE KL
21N—>020100001 —REM->FHER, TR, s ETHEBERE . RERIWAXATEXGE, Bt % 1IER 7BAE KL
22N——>020100001—FEh>Ax, 5lE. BEIHE. EXHE — 1 E, MAIER. TID, 88 % /IER7BHE KL

24N——>020100001—FEh>A B, BRAITEREL Bz - BEEREM.EF.XL. T %8 /EER/HE KL
25N——>020100001 —FEM->FRENL, ERETEEGS, #E8E > TELFAER FABHL. B8 /IEER BHE K
26N——>020100001 —RER>B. FM, FEHRMERE BT ZETEK. EHEAR . THEE - % IEE/BHL KL
27N——>020100001——FREM- K, Bl REE. BRI L WG VERE, IEBESEE, 8B /ER /AP ERIL
28Y—>020100001 —dtEHE > . KEH.EEHFEH  UETFE - RE, REEZEEEERE. TE B /IER BHPE X
29Y——>020100001 ——dtR>FEGE, HEHR. —AERK, 5% BFTREHEF. 7. BFE £ ER7BHE KL

N-tOmgE 8=
N-tOmgE 8=
N-tOmgE 8=
LE-tOmgE £
LE-tOmgE £
LE-tOmgE £
L-tOmE £
L-tOmE £
L-tOmE £
L-tOmE £
L-+mEE &
L-+mEE A E=
L-+mEE A E=
LN-+@mEE &=
LN-+@mEE &=
LN-+@mEE &=
L-+mEE &=
L-+mEE &=

L-+HmEE &M
L-+HmEE /&5
L-+HmEE /&5
L-+HmEE /&5
L-+HmEE /&N
L-+HmEE /&N

A
A
A
A

KTk
KTk
KTk
KTk
KTk
KTk
KT
kTE
kTE
kTE
RTHE
RTHE
RTHE
RTHE
RTHE
RTHE
RTHE

i RTHE
R-+mE - £ XEED KRBT £i4
R-+mE - £ XEED KRBT £i4
R-+mE - E0 XELED KRBT £i4
23N——>020100001 —HEM->Bl. FAREBR.BETFEE ME —. R /ER/HARAiE AT+OE /20 RXELEO - FET KA EXTE>02020240001]
AHEENJETF KR!
AHER /B KB —

ERBME KR
ERBME KR
BN KR
EANREHAE KR



Ancient Chinese NER

Prefix

Entity ID

>020100001-
>020100001-

S IER B R BT Lmk s
EPié%u%E%EE/IEEE/EHE/ Sample B

HtRS/N\AEE, LEXARE, Mits . B, REATE, HIFEERE
:A.mﬁm;

Z'-?!.E >8R, Lﬂfrﬂﬁ:itlilnﬁﬂf& T, L,l—

.020100001 -
.020100001 -
.020100001 -
.020100001 -
.020100001 -
.020100001 -
.020100001 -
.020100001 -
+020100001-

5 m_.i_EIII[E"rﬁ 2B RHE FIE
BT, m)IE, 28, HRE -,

CERAER, -

> TH FFEREE. +ZAKXF, -
> EHM, TRz, ) EEABRK, -

-8, k. BXTHBERZLE |,
|>F. AAKRBAEER LT, AEEE -
I>—ARE, YaXTEREEIN -

R, TH, REX, XF, ZH
=, BE, EEHREM . M.
1BEEF/\AFM, BB5EM. AA[ -2/ EER AR KL

EE/EE/%E/$E
S8 IER /B /RS
- T g} N
- T g} N

Fﬂnﬁnﬁlﬁtﬁ T
StEREEE. /\S B, R,

RBE, A, M, &% BAR{EER AR R
cBR, AIRER., #57. PE, B IER ARSI
c ZABR, BIEFENE, AREE | % IEEBAE FiL

R= +I%/%—

L_+HmHE 8
L_+HmHE 8
N-tOmgE 8=
N-tOmgE 8=
N-tOmgE 8=
N-tOmgE 8=
L_+HmHE 8=

%_

,/iﬁﬂ




Ancient Chinese NER

* Entity Types
* Person, officer, location, organization
* Can be decided by entity ID

* Goal
* Sample typing



Ancient Chinese NER

* Extract usable data
1. Include all samples
2. Compute entity-mention bipartite map
3. Remove the samples of which labels are notY or N
4. Exclude the mentions that do not map to one single entity

5. Exclude the entities of which labels are not human-verified



Ancient Chinese NER

Mention,

Mention,

Mentions

Entity, < _— Mention,

Mentionsg

Mentiong

46



Ancient Chinese NER

Entity,

Entity,

Mention,

Mention,

/ Mentions

_— Mention,

Mentionsg

Mentiong
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Ancient Chinese NER

Dataset Unique Entities | Unique Mentions Samples Characters
Train 5,238 6,106 473,766 15,160,443 75.60
Person Validate 1,559 1,627 156,396 5,006,014 72.91
Test 2,047 2,205 157,241 5,047,811 71.32
Train 12 44 5,600 186,210 92.96
Officer Validate 8 9 1,861 62,306 98.93
Test 6 6 213 6,796 97.65
Train 62 94 129,059 4,063,204 83.20
Location Validate 40 48 36,369 1,131,185 84.52
Test 52 68 38,927 1,218,336 93.25
Train 215 258 117,813 3,668,503 97.76
Organization Validate 47 49 40,958 1,325,299 97.80
Test 63 68 35,047 1,124,819 98.29




Ancient Chinese NER

* Lention: Mention length

m prefix characters, n suffix characters

c; : character + 2 features indicating prefix/suffix

PNIPY

100-100 BLSTM /\

Cross-BLSTM- Max

e

Cm+1 Cm+n

lmention
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Ancient Chinese NER

* Character embedding
* Random initialization

* Alphabet: training set occurrences=30

Training Set Characters Alphabet Size

Person 15,160,443 4,311
Officer 186,210 763
Location 4,063,204 2,836

Organization 3,668,503 2,415



Ancient Chinese NER

| Unique Entities | Unique Mentions | Samples Characters Y (%) Accuracy (%)

Train 5,238 6,106 473,766 15,160,443 75.60 -
Person Validate 1,559 1,627 156,396 5,006,014 72.91 86.11
Test 2,047 2,205 157,241 5,047,811 71.32 87.91

Train 12 44 5,600 186,210 92.96 -
Officer Validate 8 9 1,861 62,306 98.93 98.93
Test 6 6 213 6,796 97.65 97.65

Train 62 94 129,059 4,063,204 83.20 -
Location Validate 40 48 36,369 1,131,185 84.52 85.59
Test 52 68 38,927 1,218,336 93.25 83.91

Train 215 258 117,813 3,668,503 97.76 -
Organization  Validate 47 49 40,958 1,325,299 97.80 97.80
Test 63 68 35,047 1,124,819 98.29 98.29




Outline

Named Entity Recognition
* Task
* Features
* Related Work

Leveraging Linguistic Structures for NER
* Joint parsing and NER
* Tree-LSTM for NER
* Mitigating inconsistencies between parsing and NER

Constructing Deep Cross Bi-LSTM with Self-Attention for NER
* Deep Cross Bi-LSTM
* Multi-head self-attention

CKIP NER
* Chinese NER
* Ancient Chinese Document NER



