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4 LRI (Named Entity Recognition, NER) N H A E 54 (NLP)
AT S 2 —, o H bR RSB 1 iy 2 SEAR X I B sk g 4T 7328, T
WAL . PRy, BFE. BRRAE S S, TZHTE BRI mE RS,
FRE T B B RGO TS5

i 44 SER R A 5 B H SEAR A B, 3 7R B SR AT o 2 BRI

General domain(news)
» Person nome Protein  DNA  [RNA|  [ERERSN | Disease|

= Organization name .

® Location name

& Numerie expression Glucocorticoid receptors in peripheral blood lymphocytes of patients with
bronchial 8. Quantitation of glucocorticoid receptors (GCR) and the

Biomedical domain study ir affinity for [Soomeaswene () oo made in peripheral

bleod lymphecytes of Bronchia fima (BA) patients in consideration of GCR
» Gene
& Protein treatment and serum levels of endogenous [N -
# Disease
» Chemical
» Cell

1: NER HfE4%: #K + 42k

R &4 : 105 BIO. BMEWO Fl BMEWO+ %, . H1# F )& BIO il BMEWO,
Pl BIO M.

* B : Beginning of NE (B-) tag

* I: Inside of NE (I-) tag

* O : Outside of NE (O-) tag
GBI MANEG WML, B Motk g RERES AP EE (A 1/tagl
i 2/tag2), AR RAARES BRI, BAEM A F RS EARE
BIZ, BIO 4 H R EER LIFRE, &SR, B 7 ZEA Sk Bk
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K 2: NER K @

R IA R, EEITFRIN 2 75 #R & 7E Bi-LSTM-CRF _EffEk. LSTM
CRF #HRE I FHIH LI HER, EEPLE] (Attention) 3 B Hi it 5L
A BRSO ROAE, R SCh—AMRA B . RS ) iE— T
BRMBHRE A GEF A, (HRSbrA =, R4 IR S B R D B AR i (1)
THEOL, TR ST I BAE — EFE L R AR P L 1] 8
MR 2, Sl HASOR IR 1) N 75 -
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o BEARFE
o U] L R f A 2
o U B BhAE RS
2. FFAETHE
3. FETHLARF S
o TCHEE: E BRI AT OGRS B
« H B CRF Ml Bi-LSTM-CRF N0, 8 KEREER
o PR ISR +Bi-LSTM-CRF+ FHFfl A

2 TR A i

KNS 52 21 07 1548 NER S2 ISR I, (H AT 2 7 B 2 08 Kt
FEINGRIERE . RS ZARETE RIS %, SR AL AT A 2O — Fh AT
%, THEET RN A7 R Ik B RIVERE . P DL — e M8 rh, RS
] SR D T AL A O AR R, XGRS AR E I T i LR, PR T
SRR SR AN T EOR 2 ARl LR S thARB I, W ZEAUEAIR L AN ]
PR S A B R A A UL AC A ([l A8

SR Ao ST g oA T 7 10 35 T U R 9] S P i 44 SRR AR
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(a) 431 FF1% 3] POS tag
(b) WA IX AN (1)1 1 A E 443, AR S(start)
(c) WFIX/MATLED IR 1 A PRFIE A B, AR A E(end)
(d) HAthArA O(outside)
3. R SEAAR: SR FH AR O DUl T
X =R SR, 22—, AR — RO AT + T
flussy + 5 THRHE R . Heandb s diis B A R AR, A Bl R 1 —A4
BN A: “SHO*E+”, BRI 1 ANLLEMAATFL (SH), BL 1 ABLERHMER SR (B,
WAl BTG PTIE 1, X A R A\ R T o
FERokEE N e BAR BT [ , IE
1. &5 % LA
(a) #nifEfk (tokenisation)
(b) AJFKI5
(c) POS tagging
(d) TAFHHEL (stemming): /b iR M NANEE ER Z8PE (ps. thAb AT
Pz )
2. A SR Ry 4 SR L A
(a) WIGEAbsE At: K general patterns (A $LUCHEE . BFS M), ik 745
FHAE A AIRR ST 555D
(b) 73
() HJ/¥ (exclusion): ETFX. HFEER (ZiA4E5E. & WA 48 SR g )
3. AR
(a) NFH 7SR
(OB SRGE N FES
(c) XTREME, HARIn 5 o2 B 4 TR
AL FE R H) 55018, 35 iA A] DR Hjieba 733« HanLP. 1 &LFE
NLPIR. M T.K LTP . FoolNLTKAH! kews 74 & 2% 3 ff S0 o0 %5 o St T4 2 403
FRVRFE SEAA, N T SEAF I nl, — RS SRR E U A B B SRR P
N, BERAE AT B, R R B o in] s B, SRR DTS
Sy =, BT GX— B SR DURIDAR, R A 2 —
AN D o FE TR SRR ) NER 4% O 75 1) SRR U] g ) 2 5 2 4, Soxd
XELTTIH 53 T AT RUR o


https://github.com/fxsjy/jieba
https://github.com/hankcs/HanLP
http://ictclas.nlpir.org/
http://ictclas.nlpir.org/
http://www.ltp-cloud.com/
https://github.com/rockyzhengwu/FoolNLTK
https://github.com/koth/kcws

2.1 A SRR

WA R I TTE SRR AN T, HEREN T T/EERR, WA 5 HI
BEAZPNG . FTLL, W — SR AR BT Gt o i 15 2k m g, 28
JE PN AR I, TR Ik N B A0 s (1) B SEOR TR A S AU A R . I
ST SCE SCHEE: CSC (CWB AR ) hownetfIChinese Open Wordnet.

A AL G T o AT T

o AT E G, e Ve RN A4 (CRRERD A RERZ)

« KEEIAAMEL: TF-IDF. TextRank

o EENEE R U 2> KRG

o FREE AT WL, RRE A (i, SRE xx0)

* POS-tag WdiZ50 0T, MFRic A AL (nh). 0 (ni). BfE] (nt). HIA (nr). &

H 49 (nz) B4 (ns) B3R HH X

o WAEENREDHT: Is-a

TG — I, ARAFERNES T, SRR A — S L ES. 28
MBI, Sl iE R IR CEO, HAPfAE MR < Sk, Bilan >, 5iX
PN SEPR A A O R SEE < A&, [, CEO>, CEO Jyfil /i) 87 MY RFfE 1] .
SR — AN R ik R 1], DR o A A AR AN O, R PR R R S AR ]

2.2 MR

FIERU AT, BATLE B AR 308 B — AN 1A 5E
W “S+O*E+", N R4 HPFIE IR IL

SRR IEIE AN TR AR ROEE N, IR AN, B %
FLA “NatNb — Nb”, Hr Na i@ 41, Nb NELH L, Hlu “CEO
(Na) el (Nb)”, $EHUH BB N4 . X BLG I LA i B, x4 HY
HRZ AR . Pk, FEARE 1R (2 BARERD Rk e Bk 2
fopIWIlIR

B R RIE R — M A R AR I fr 4 Sk | ; 15
PLIRAF o R G I RIB R E AP 5 R . (RIS UL, SRR MR A AFE, SRS TEIX
SERRAE T SO0 A A A I, RN S B PR R R AR R . LA 4 N4
SN T B RN ) B AR SRR (NE class), J& T = A48 43 5N :

« PRE-FILLER (PRE): i{EIBEIAILHC H A% NE Z /I I SCA

* FILLER (FILL): X E/EAIFIULE H #5 NE;

* POST-FILLER (POST): iR EIBEAIULEL H 4% NE 2 J5 3o
SR o AR B AT A — R AT E, HRB T DR AR (SIMD
BCATIENE (OPT). ZRAN SIM R 1) 70 2 75 B2 HEAA VT R0 /2 76 3R 20 1 SC AR H
I—/Mrid (token)o F—J5TH, ZRALN OPT HIAR G 2 Al LAVCECH 2 0 &R 4
bR, AT DAAICEL . HAkth, FRA 1@ —AMFRIEGI A . B 3 4
TR AREI o R AN o 2 MR E SR, Wi 3ETR, B


http://www.crsky.com/soft/31795.html
http://www.keenage.com/html/e_index.html
http://compling.hss.ntu.edu.sg/cow/

[ PERSON :
SIM<valisi; vali+Noun+A3sg+P3sg+Nom; {Person.Title}; {Person}; Proper; Middle; 6; Alpha> :

SIM< ; *+Noun+?(Prop)+A3sg+Pnon+Nom; {Person.First Name}; {Person}; Proper; ; ; Alpha>
OPT<; *+Noun+?(Prop)+A3sg+ Pnon+Nom; {Person.First Name}; {Person}; Proper; ; ; Alpha>
SIM< ; *+2(Noun)+*+*+*+*; {Person.Last Name}; {Person}; Proper; ; ; Alpha>:

SIM<,; +Punc; {}; {}; Unclass; Short; 1; Punc>/

[ DATE :

NULL :

SIM< ; *+Num+Card; {Date.DayNumber, Time.Minute, Number.Number}; {Date, Time, Number}; Unclass; Short; 2; Number>
SIM< ; *+Noun+A3sg+Pnon+Nom; {Date.Month}; {Date}; ; ; ; Alpha>

OPT<,; +Punc; {}; {}; Unclass; Short; 1; Punc>
SIM<; *+Num+Card; {Date.Year}; {Date}; Unclass; Short; 4; Number> :

SIM< ; *+Noun+A3sg+P3sg+*; {Date.PostPhrase}; {Date}; Lower; ; ; Alpha>/

NRRSWIEN !

2 — 85 9 “PERSON”, it A4 3X — NE 851, 5% — M7 PRE, R
A% SIMEHTTR, BATTRAH L 8 ML 50 FR k-

token;

morphological tag CElVE TSR

low-level gazetteer set;

high-level gazetteer set;

case tag;

length class;

N kWD =

token length;
8. type class.

AR AR P W, O T ULECTAR T token, 6250 2 T A BIARE
Y. AN, IR, RUERRULECRE E I SCA, X BT JCE N token
AR valisi (RHHE, BALE. RiRE), FonHAs NE LALL valisi /E T
BICR. B ANEOIEE IR, iy 6 A 27 HIENERA AR
SCHTE o 38 = A DA g e SRS 200, 2 L 7R 2 AR ] g, fH
JEN T RIAKR G A, S AT ESRIVC AL . R R R T, B8 IR AE
(orthographic features). KU R oA, N> FRoRAILE . MHLLE
PRARFRIN,  SREH SR 7 an i 4.

Example Rule 1 (Person):

...Adana Valisi Cahit Kirag, Tiirk-Amerikan Dernegi binasindaki patlamanin konulan bombadan. ..
...Istanbul Valisi Muammer Giiler, Capa'da IETT otobiistinde...

...inceleme yapan Agr1 Valisi Halil [brahim Akpinar, yanginin terdr. ..

Example Rule 2 (Date):

...Van'da 3/ ekim 2005 tarihinde Erek Polis Karakolu'na...

...20 May:s 2003 tarihinde Ankara Kizilay'da bir kafede...

...gore, 26 Eylil 2000 giinii aksam saatlerinde. ..

K 4: fEFI I 3 DL 25 2R

ANFERCHL, U1 % 7 BB, 0 LR 1 R A R 2 3 A IR A
8 19 K2 2 i AR A AR DRI, RO 22 30 A0 s 232 AL 1 RE 71 2 i 44 58



R RGP R REEDIREZ — . RETS H B I IE NS ? Tatar and Cicekli
RO %0 7T —F BN T % Z07 E 0 A BAE R A7 17 Al
A, EI A ER A A 2 A AR AL AL (BE[RN LR D FIARRIAL (R — AN
AFHT D SRIBGIE A, XFF )& 738 (token, capitalization, length class,
length, type class), VAT IR EH:, MHEHRE, ARBEEED . W%
(morphological tag), K Cicekli and Cicekli [2006] R FVERZ W TR E . X
TAREE PR, ST eI R Z AR 2 AL, REMIFEZ 4, A
2 By “ARE ()7 3R “TiE )7 XTIk, wRmAE
GHEAER, HEIFES, HEA N, [FE N AT EITE SRR
gy, B S AT NBAATF “--+Elazig Valisi Kadir Kogdemir” in gectigi+
” A “--+Van Valisi Hikmet Tan, konvoyuna =+ ”, £ JATIE N I:& F O F2

Seed Instances (Person):
“...Valisi Kadir Kocdemir'in gegtigi...”, ... Valisi Hikmet Tan,...”

Preprocessing:

<valisi; vali+Noun+A3sg+P3sg+Nom; {Person.Title}; {Person}; Proper; Middle; 63 Alpha>

<kadir; kadirNoun-+Prop+A 3sg+Pnon+Nom; {Person First Name, Person Last_Name}; {Person}; Proper; Middle; 5; Alpha>
<kogdemir'in; kogdemirtNoun+Prop+A3sg Pnon+Nom; {Person.Last_Name}: {Person}: Proper; Long; 11; Alpha>
<gestigi; geg+Verb+Pos"DB+Adj+PastPart"DB+Noun+Zero+A3sg+P3sg+Nom; { }; { }; Lower; Middle; 7; Alpha>

<valisi; vali+Noun+A3sg+P3sg+Nom; {Person.Title}; {Person}; Proper; Middle; 6; Alpha>

<hikmet; hikmet+Noun+A3sg+Pnon+Nom; {Person.First Name}; {Person}; Proper; Middle; 6; Alpha>

<tan; tantNoun+A3sg+Pnon+Nom; {Person.First_Name, Person.Last_Name}; {Person}; Proper; Short; 3; Alpha>

< .+Punc; { }; { }; Unclass; Short; I; Punc>

Simple patterns:
[ PERSON:
S i; vali+Noun+A3sg+P3sg+Nom; {Person.Title}; {Person}; Proper; Middle; 6; Alpha> :

SIM=kadir; kadir+Noun+Prop+A3sg +Pnon+Nom; {Person.First_Name, Person Last_Name}; {Person}; Proper; Middle; 5; Alpha>
SIM<kogdemir'in kogdemir +Noun+Prop+A3sg-+Pnon+Nom; {Person.Last Name}; {Person}; Proper; Long; 11; Alpha>:

SIM <gegtisi; geg+Verb+Pos"DB+Adj+PastPart" DB +Noun+ Zero+A3sg+P3sg+Nom; { }; { }; Lower; Middle; 7; Alpha> J
| PERSON:
SIM<valisi; vali+Noun+A3sg+P3sg+Nom; {Person.Title}; {Person}; Proper; Middle; 6; Alpha>:

; hikmet#Noun+A3sg+P) Nom; {Person.First Name}; {Person}; Proper; Middle; 6; Alpha>
SIM<tan; tan+Noun+A3sg+Pnon+Nom; {Person.First_Name, Person.Last_Name}; {Person}; Proper; Short; 3; Alpha>
SIM<;; #Punc; { }; { }; Unclass; Short; 1; Punc>
Generalized rule:
[ PERSON :
SIM=<valisi; vali+Noun+A3sg+P3sg-Nom; {Person.Title}; {Person}; Proper; Middle; 6; Alpha> ;
SIM<; *+Noun+?(Prop)+A3sg+Pnon+Nom; { Person.First Name, Person.Last Name}; {Person}; Proper; Middle; ;Alpha>
SIM< ; *+Noun+2(Prop)+A3sg+Pnon-+*;{ Person.First Name, Person.Last Name}; {Person};Proper; ; ;Alpha> :
SIM<;*+2(Verb)+2(Pos)+2(* DB)+2(Adj)+?(PastPart) +2(“DB)*+2(Noun)y+2(Zero)+ A A3sg)+2(P3sg)+*; { }s { }i::3>/
Recognizable NEs:

“Adana Valisi Cahit Kirag,”, “Tunceli Valisi Musiafa Erkal yaptgr™, “Cankir1 Valisi Avhan Cevik'in bulundugu...”, “Istanbul Valisi
Muammer Giiler,”

50 BI85 1

RO LI LA 6. BUMI4E S RULES WAL A A5, ARG HIEERA
IEREAR b CHAREA, 8 HARScp) A s, 4 3F 5 5 0 00 n 3]
RULES 7. A AE 75 AU b SCHTiR,  Jols SOAR UL BN R IER IR, ARG 7E
RFER R EAR RN o R — (2 S R A& O, AR, £
TEAHAE 0 6 M0 RE A I %) RULES . S8, BN kAN SO n 2
RULES 1 8# RULES; e, T HIEM MWL, 4 RULES e, T HIRES
MIEN R4 EMERIE, SRIEMFE, KHEFEBERHNIMA RULES, Rk
T A /N

BRAh, PR F Sl U A 55 AR B S A

1. B4 1A SR T

2. RBUER A, FRE TR TIER AT, B EAR R



(1)  RULES < {}.

(2)  For each positive example e in the example space E:
3) Ree.

“) If R & RULES Add R into RULES.

(5)  hasMoreGeneralization «+— TRUE

(6)  while (hasMoreGeneralization = TRUE)

([©) hasMoreGeneralization < FALSE

®) For each rule R, in RULES:

© RULES emp < { }.

(10) For each rule R; in RULES (where R; #R>):

(11 R — GEN(R), Ry).

(12) IfR & RULESew, Add R into RULES s,

(13) Sort RULES,.n, in descending order of the similarity factor

(14) Until & rules added into RULES or every rule in RULES,., validated:

(15) Test every rule R in RULES,.,, on the training dataset and Calculate CFy, (the confidence factor of R).
(16) If CFy >= T (confidence factor threshold) and R € RULES

(¢W)] Add R into RULES.

(18) Drop rules R, and R, ,from which R generalized, from RULES

(19) hasMoreGeneralization — TRUE
(20) Sort RULES in ascending order of the coverage
(21) For each rule R in RULES:

(22) If there exists another rule that covers E (the positive examples covered by R)
(23) Drop R from RULES

(24) If every example in Ey is also covered by another rule in RULES

(25) Drop R from RULES

K 6: BN Ay S AR

B (HIBRD;
3. fEIER P FHR AR BRSO A
4. “E SRR M AR R B R A 7L, R R SR GRID:;
5. PEFALL B AR, 19 31RE A H AR S dE] K BRI
A7 FE 5T spelling, context /1, spelling Xf N SZ4&, context X N H RS, HAli
RN N = o A o s LS

2.3 B 4E

DL B D7 VR AR SR B R AR A B A R EH AN, BaRERS TR, WR
SR T —HEHT B RE, A4 Q] AR ? Petasis et al. [2001] 45 H T —FpdE
FHLER 2 ST K I 4EP R AHEZE . B 7 A T iZ R Bl %A A
B, IR B ATz B By . MY EL b, B efEs @ ZaBE Rl DA ), &
S HH D0 DG P B AR AR, SRR, 3 0 AR AT 2. TR RX B AR
RN UTEC RS, Mt vl o8 E e i m o3, EiEmHm
B, [FIB SR RN 2 RIS FEA AT 702, I ARG RA—BUIFHEA, &

BT U A 2B RS U2
Training I Rule-based
Corpus NERC Rule-base
NERC
G
NERC

(a) training state (b) deployment state

Identify
disagree
ments

New |I
Corpus

B 7: — R L8R 22 SR e U A HEZE .



3 HFIETRE

ANE R TR T AR 2 T AR 2% ) 71, 0 7 2500 i 06 B4 35 7 N e
fiE, TERFE EAOHE— B BB FEATT, FRAZI2S AL Ay 44 SEAR IR ) R I
FRIE, KARRT LA N =35: Word-level features, List lookup features Fl Document

and corpus features| , IB

3.1 Word-level features

Word-level feature 5 Huia] {) F /A4 G 5% EATRAMRIMIA B7 KNS, bR
e, BUEME R . B8 3 TH 7. i iRESHEHNER,

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
- Cardinal and Ordinal
- Roman number
- Word with digits (e.g., W3C, 3M)
Character - Possessive mark, first person pronoun
- Greek letters
Morphology - Prefix, suffix, singular version, stem
- Common ending
Part-of-speech - proper name, verb, noun, foreign word
Function Alpha, non-alpha, n-gram

lowercase, uppercase version
pattern, summarized pattern
token length, phrase length

8: word-level features

W, At [ARE, FRIRRFEE. Flan, MO A EOT LR R, RS
M EE A “s”, [EREFRRHEA. JLE B g B2 fe i idin g filtn, A
FHRMPIEH LL “ist” (journalist, cyclist) £5W, B EFEFEFIBE DL “ish” Al
“an” 452 (Spanish, Danish, Romanian). “Functions over words” J&¥§ & S 1 1]
ERRRE, XA R M ORI BGE R, b ] ) 4R T BE AR R L
sk (filln, nonalpha(A.T.&T.)=..&.), KiAH KRS FEREH N ‘A7, NGF
R Aa’, HAh TR/ N - (GetSummarizedPattern(”Machine-223”) = ”Aa-0")
I XAE BT ERREL (n-gram 55).

3.2 List lookup features
] ML7E NER HIERR 2, @30 IIRTE “gazetteer”. “lexicon”. “dic-

tionary” F1 “list” #2481 M, A HE S —RRIERZ—F “isa” FIRR, W
w1 “Paris is a city”, 41K —H)1EH H I “Paris” A4 X ANA I T HIHEZE IR



Ko IUGRBERRK, BUIEAAAE 1A 2 LIS, X E5 &A1
BB AR AN W o Al P R] St — AR PRI AR R R IB AL, &1 9 4 i 1 Y
g, EL AT SR S SRS SR AR S (HARSEAE) RE. KREZEITIEER

Features Examples

General list - General dictionary
- Stop words (function words)
- Capitalized nouns (e.g., January, Monday)
- Common abbreviations

List of entities - Organization, government, airline, educational
- First name, last name, celebrity
- Astral body, continent, country, state, city

List of entity cues - Typical words in organizatiocn
- Person title, name prefix, post-nominal letters
- Location typical word, cardinal point

9: list lookup features

AR S AA 1) 75 SRS B UL G T00E ST R ia] 3, (ER 1] S92 A7 BRI, 7E A7 LUl
BN, FREAT RIE AR UCAL . R T BRI =R OX A k.

W, fEWRBATULECET, XHABEAT AL, #E4T9E HAG (lemmatized) . b
aid 250, KRN ERA N BIAERS, AR R, E i g R IR R AR A

2, HARER R “BMIILEC R 7 e AT s, Heansk A —
SE BRIE T 199048 5 25 A1 Jaro-Winkler[ , o IX FLYFRETRA
— TE R URA R AR R RN ARk . I, Frederick 7] LAVCHC Frederik, KPR
AN BAiE] 2 8] R G 4R R B AR N (R — AN 4F, ). Jaro-Winkler B bR
HELTTHTILEC T A 2 RR, OSR]I — AN FBHEA R B, T2 FRE: R
AR

#=, AILMEH Soundex Hik [ , 1 V5 18 T g SCim] i
ZER H bR 1] 5 — O EATT S B 1 Soundex . I ATHD S — > B E] (1)
RN EARIGE S A B A S B, SR AR
Lewinskey (soundex =1520) I Lewinsky (soundex =1520) 7} Soundex i I /&
FHIFI Y o

3.3 Document and corpus features

SCRSRFALIN 38 SCAE SRS P 7 RSO 254 AOASAE, 5 B384 R SCR ATTE
BHEGHE BRITE . B 10 FIH 7 — 20 RRFE. X T 2338800, fE 283
Brp a2 MBS RN IO, —BOAER E 2 RS, sy
A LLA WX AN IR AE A A, ANBIEARMTHIT#R S RE . R HOT O
JofE BT LB ] A PR AR N A 0 RGP hs, B I LA B A
MRIT k4o AL feature /& — M MR LRI J7 3, SR HBIRZE, SEbrdhd A
(1) feature FZE 401

1. Morphological: n-gram character, n-gram word, suffixes and prefixes
2. Orthographic: capitalization, symbols



Features Examples

Multiple occurrences - Other entities in the context
- Uppercased and lowercased occurrences
- Anaphora, coreference

Local syntax - Enumeration, apposition
- Position in sentence, in paragraph, and in document

Meta information - Uri, Email header, XML section,
- Bulleted/numbered lists, tables, figures

Corpus frequency - Word and phrase frequency

- Co-occurrences

- Multiword unit permanency

B 10: SCRYRRE

3. Linguistic: lemmatization, stemming, POS tag, chunking, syntactic parsing

4. Context: windows, conjunctions

5. Domain knowledge: lexicons, exiting NER tools

4 FTHPAFEITTR

TP B33 1 7 i M R R T 4 S AR 200 44 e B
LT DA URRE W, R AE Sk % SR HMM.. ME Al CRF %
R FER . B RNN 76570 LB AR, 44K NER |3 F Bi-LSTM-CRF
MR ST TN T £ IR MBER % 5164 148, NER 73T L4y
AU M RER 5] =K, IO ik

4.1 FUE

HWE T EREA:

« SVM

o« R

« HMM

« MEMM

* CRF

* NN/CNN-CRF

* Bi-LSTM-CRF

* Bi-LSTM-CRF+Attention

SVM Fl e 55 M 258 NER #1 9 — 4325 0 3,

R AR g A7, AR 3 HA)

TERIBRE G 2R SR AT YN o X REAZALE 1) 10) R ) i) BEoR e, i ELAi 3R
EFRR (FHIER) BIREIIIRES (HaeiEE R SCURIE), ATl J5 21
F¥ NER MM HIFRYE i) . HMM A MEMM #6552 B B At () 7 71 A 7Y, 3% B
AFEER . CRF 2R TR 2 N i) i BACR S ar it i, B 11 TR R4t ik
T CRF MR e, B as i X e iR i R RO . B 11 A, BT —HE
o JE T A AR A, KR, R T —HEE R T A . iR NB A LR & —

10



e 0 3TI o IRN

SEQUENCE GENERAL
Naive Bayes HMMs GRAPHS Generative directed models

co@m cu@m mu
B b b50 = ?@ﬁo

Logistic Regression Linear-chain CRFs GRAPHS General CRFs

B 11: CRF 5 NB. LR fl HMM [#5: &

X AR -0 A, HMM F CRF AR & —XF, MEBCA 70 A8 HMM 1B
), A A AR O A N R M BE ) CRF. LK CRF Al HMM 22 8] 5% 2 P4
2] 5% [2012]. "R AZR PEBE 25 AFBE LI 51K A48 CRF

LR M BE S ERE AL T DASR A R 7 AR R (TODO: [9] 22 3R M 2R B B AL 1) pdf)
(BRI :

1 I
plylz) = Z(m)H\I/t(ytayt—hxt) Q)

=1

K
Uelys, ye—1,24) = exp{zekfk(ynyt—l,mt)} 2

k=1

B 12 ST N R B F ERE T 0. RFE A PSRRI RIS &, variable node

V ( !: )\ :Eh\::‘— 1: iu!f‘— li E!:-‘—J
(a) Independency graph (b) Factor graph

K] 12: Linear chain CRF

Al factor node. 7EE 11 435l LAIR Pl F1 22 77 SRR o variable node 5& X & HUE KT
fiEI7) &, factor node A X TEHZE LK variable node L HIEEH. 1X BUR 4 NRFE
x AN y BB — DB p e O S T B R PRE R U4 (4
B 13 F28 T A AN A e e EVIZRE AT DA ] SGD 24 ) 1R 4
TE ORI, 25 N 51 SR 0 e H e 20 B SRAd B A ok i KAk s AL 41
FE—/NENAHR R, n] LS 4R L BRI AT D . CRF %E%‘i/l\f?ﬂtﬁ
AR, BTUATHEE A E AT HMM Al MEMM 25—, J#EHRE, 3
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(@ (b)
13: 2P 5E CRF [ HAhsE L7350

PR RS, FTUENE 2 LT UER, SRR,

FEE AN PRI, VRS 22 3] 58 8 N NER 34 s . Collobert et al.
[2011] &% 5% F§ NN/CNN-CRF #1458 [ 2 45 R AR R 22— FEIX R0,
PEZ IR T 8 05k 5 0)F 7 I PRl 45 45 465k 34T NER. & 5 iU A 24
BT A () R SCE D TN, SRS E ARSI NN 2544 T A) 7 7142 DA
FEAA)FAE N AT I AN, N T AT AR AR A B AR R X ) T
BN, SRIGHH T — 2 B2 M2 CNN 450, 33X B %\ R 2 1748 10

Input Sentence

Text The cat sat on the mat
Feature 1 ;a wi owy ... wyy ;a
Input Window = =
v 3 S wh wk wk &
Text cat sat on the mat Feature K S e NoE v
Feature 1 wl wi . u,‘_},; Lookup Table . .~
: Ty Ans D D ]
Feature K wl wl ”'ﬁ-’\} :
v LTyyr AN~ E| E |
S N |
Lookup Table | > Comvolution \ p Y
LT“"M" H‘H L
LTwx A~ _ = D :| D‘ b
-oncat [ ] ) S ]
Linear v v
Max Over Time Y
1 | /
M' xo A~ \ ) GV mimm
HardTanh v imear -
_/— - M xe AN [ ]
2 v
v HardTanh v
Linear v - AN |
r : v
fl-.'fz X N> Linear .- TR wer” v
| > /
h = M3 x6 AN
(a) window approach (b) sentence approach

& 14: NN/CNN-CRF R #)

73, KM Lookup Table 2~ > B2/, FEIZRMT B, 1R thanth T R H
PrRefB: — iR GO KRR, BEA softmax SRITIMARZEMER, 2l —
MMEGE IR ) — MR AT HO R BR, Fesmt 2 % 8 3] CRF RALAE
FPAURREE R R OIS KA 5 0 IS T HAR R b . Ja RV MR
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TAERXAN AR LS T —)2 CRF B fEEEMSRGH, FRIER| T NN
CNN SRR LA —5, HR A TR R E RN IN N CRF JZ7E NER AR
THEER.

fi % CRF 1 8E%, JERHEIL T — &K% RNN+CRF #17 NER W75 T1E!.
RNN 1 32 EACF /& LSTM, a4l I X 1) () LSTM A5 75 9 i 25 2R 6 47l 3K
JPAME B 188 T AERR 4 g B9 0 5 SUAT LAAr 1A 4% ) LSTM-CRF 55 4% 73]
LSTM-CRF #i] + A2 5] LSTM-CRF .

Lample et al. [2016] %5 H 1 17 20 500 F1 7 55 90 3] 1) NER #2828 HESE, 1
B 15, 7RSI, %N word embedding fEETERL IR, @i XU

Embedding from Lockup tabl
lookup table { @ cokup table

Embedding from
characters

(a) word-level (b) character-level

P 15 3] 200 A7 45 31 (¥) NER i £6 f 25 HE 42

LSTM J&5 B 1) BR S 17] A g A &5 SRAE Ny i 21 9t , B 5 ilid CRF 7326, 7
FRFYoN T, XA LSTM /R R FE B R =75 b, SR — AMaiE N A7 )
AEIE B BAMILEE R T WA LSTM Migafd, BP0 T Lookup table [
508, R i) g s . ENGRBY B, BEAYR H bR d KAGARE S R F 51 y
AR 0T A

log(p(u1X)) = log(e ) G
ogply = logl=—=
deyx eS(va)
yEYx
o s(X.y) WARESS BT y 197555
n N
S(Xv y) = Z Ayi,yi+1 + Z Pi,yi (5)
=0 i=1

"https://github.com/sebastianruder/NLP-progress/blob/master/named_entity_

recognition.md
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https://github.com/sebastianruder/NLP-progress/blob/master/named_entity_recognition.md
https://github.com/sebastianruder/NLP-progress/blob/master/named_entity_recognition.md

Horbr A %52 (B IR R, P e R™*F 2 Bi-LSTM 45 R, kA
PREEIIAN . TS, 15215 51 (10 e 8 1 e KA A5 015 21

y* = argmaxgcy, s(X,7) (6)

TEFFFH L, 44 COLING LH—F3C#E” Contextual String Embeddings
for Sequence Labeling “[Akbik et al., 2018] /& —MBIF IR . JBT 5 > 3T e mi
FREIM T — N5, XL DGR R 33N (internalize) 1 5 S,
N, Ao, FREREK. EIXRECES, AR 2R E SRR
P EBARAS SR P2 AR — PR BN BRI g A A 2, FROA B R SO AT R D, A ATT4E
RV AAE 2 4L, 1) TEEA AR AT B R 0 SR 2 IR 0 S8 I 2k, TRt A
R B R @O R8s 2) il A BSCAR AT IE AL, X e A A
BRI B A AR gAY, BT H RO AR B A S WL 16, AN

B-PER [ E-PER | [ o | [ o |

(f l Sequence Labeling Model :t(.o_.)

Q ¢
rGeorge | r\\-’ashmgron | | rwas | | I.bom
( ) r'& —
3 LN NN N N W W W - W
SQ o Character Language Model .’ .

A A A A A 4 A A A A& A A A A A A A 2 4 A2 A A2 A » 4

George Washington whas born

16: Contextual string embedding

rWa shington

. 4 . 4 4 W A A 4 . 4 4 . 4 4

Geolrlge, Walshilnlgton| was| [born

>
>
&

<

17: Tl Z5if 5 1

e R F BN, SRS S 20 fRFE, J5 T b Bi-LSTM+CRF .
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XL (R A T R A RO 20 S R R R A I A . RO E S
PRSI S 2 i AEA)F R /5 00 BRI B Bi-LSTM, N4 N — A~
JGo IXFEM R ZRFE A F AR B A ARG R ZRmEIIZ%
SERCSE, AR 41 45 FAS B B AR 10 TR SRR A R A N IE . Bk
BUEWE 17 o AR, X5E 15 PRSI, HL it X sk,

BIGRIBE T, X BEIRATLL BLSTM-CNNs-CRF[Ma and Hovy, 2016] #%
RARFHATHEIA . HAZCHF A2 F ONN KR w5 10 i) 2 31 1 7 R R 3%
ik XEEERTRNIGRIF 2 )5, FERIN Bi-LSTM Z 1, KA) 1 il i - AR 05
Hg F word2vec 25T 25T (1) Word Embedding Hf#2, 1F 95 71 bR vE R A [ 4
No

Char
Embedding

Convolution

Max Pooling

Wi

Representation
e are  playing  soccer

(a) ffiF CNN $RE A4 RIA (b) BLSTM-CNN-CRF 74 £ 1

18: BLSTM-CNN-CRF &%

SEERUL, TRA TR O R MIE T A BRI Bi-LSTM-CRF %I, il
A2 T RRE. FEISH T — XA B . azﬁﬁé&%ﬁ%ﬁm%ﬁ

Label B-ORG I-ORG
Word CRF %‘ ;\Tj ]
Word LSTM-B (N ] [D%
Word LSTM-F L/QD —~—01 y i
Word Representation [ l I l [ l [ 1] | \ | \ [ \ [ 1] [ J | [ \ 1]
Word Features s—est Best Buy uy 0
CharLSTM-B [ [ [ [ 1] D:\e[\jhmj Dje[\j

Char Embedding ] O £ &

Characters B e s t y

19: 37 + 45 + 7 SR Aty oAb 2 4
FRGATNGR, ARIZAAET, 2L A2 DL Ay . B 19 B
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o LD BAL, B 17 R VBN — kAN . BRI g gt R e, B
Pid ) LSTM B A i) i gmid a5 R, SR G M af3e I T i gmig,  Eedn,
word embedding. 4% A [Bharadwaj et al,, 2016] 5. il KR 2 TAE#E
R IX AN B 25 FH T N1 ] ) B B AR 3

42 FE

AW E A T B s R IR, R BT R e . (HR SER
HAE AR KRR AR R, ARSI, 5 B AR A — AN E T . 59
B FEEWHRT T PRBEAESEY ). AT A7E NER (145 L BB
B, T/ @EiEsEs].

TagLM[Peters et al., 2017] & ACL2017 3% F 5 b K TAE . 1% TAEAE
M ETTAREERE IS T —A Bi-LSTM, ARJ5 A FI X AN I 2R 198 5 kA sk
SIS BT EARYE A (18 S A A B (LM embedding) , SR 5 # % 18] B4R 9 4R1E
TN B JFE 46 () U RNN-CRF 8 rpr, szag ek R, 7/ EAniedE b,
NIXANE 57 ) B A 0% KR FE 42 5 NER 2SR, B 78 K B AR I R 3088
b IINIXANE F AR A 2 AT RE S AL 45 RNN-CRF AL AR . TaglM [
ERARWE 20, (FHBEXNMRES RN, XANRES 20 B #ERMITEE

BLOC ELOC O O output
Step 3: sequence
Use both word T T T T
embeddings and LM
embeddings in the Sequence tagging model
sequence tagging
model.

is located ..

M Two representations
embedding | of the word “York”

Word
embedding

Step 2: Prepare word
embedding and LM
embedding for each
token in the input

sequence. input

sequence

New is located ..

Word Recurrent
embedding language
model model

Step 1: Pretrain word
embeddings and
language model.

unlabeled
data

Kl 20: TagLM 1] F Z iR fE

BEABEARK KR, HAA—MERETR BB B0 2R T2 4 15 e 12
Js B sentl, R HHIIGC RN — A rick, AHAE TER
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AN B M S W ARAREE S /NI 2 AR i, TagLM [T 252 1E
HARAE 55 Bt 58 3T (0, Bl AT 55 AR B B RS E 4. B/ I 2R T
REAAE RN general HOTERLZE LM ISR, B0 Ui ELIE S google T ZRUF 1
word2vec 5o X I ZRAFERS E GURAEAT, TSI — AL gk, X0 T
Haid R EREREE ) 16 I A 2

TEE, TaglM B TAEAIET L, XG2S ME KRR, B ARy
IR XREHFEEERAWAITT . H—, ERAF IR bi-RNN Z A,

BLoc ~RE+ £10c —— Sequence  Ppre-trained bi-LM e
T T tagging [[] Embedding
T oenee T Backward LM - R
Sequence
; i representation Tok
. oken
iy representation

ﬂ New York is located ...

Concat LM
embedding

— Forward LM

I ! Token
o L Token X
NN Token : representation
RNN representation

) embeddinglj\ New York is located ...
New York is  located

P 21: TagLM F A 454

17 R4 AE 2 B Token embedding 1 character-level fIZmA%S743], XABES /N
TR B R, X EIFERE AL SRR EBOIZR R R g, X
iy BT Z b BB T W, X f S S A,
2| 75— 2 bi-RNN Z J5. TagLM KH 7 B> bi-RNN 2, XA trick FI{FH
FAER RN Z AT FLR B, IREE bi-RNN (A AR 2 a2 A [\ 143 2.
filan, fEVREE LSTM BRI 1)k 2 5l N Z AL LI (1 POS tags) Red
B BT AR BE,  LE UK AR AT [Hashimoto et al., 2016] B3 CCG super
tagging[Sogaard and Goldberg, 2016]. Belinkov et al. [2017] $8 HEWJZ LSTM 1,
B ZHgmG EL 2R 2 IAE TR POS tags FRURE U, FrbL, TaglM X5 &
it th S8 R IR TN 2R ) 45 R P 255 — )2 bi-RNN JG R IR LT

4.3 B>

a0 L SORTIR, RIS O R EOR R AR ER R TSR, A BUA B AE
ARG INFEHE RS LR EARE? BLER%], Yangetal [2017] 450 T
HEM B E . Mg 7 =R TS 2 S 58 . AT P AR A R A |
LOARAT T AR HEA, X 3 RO IR = T R A Y AT AR

H T AN [ £ A sk A AT R i IR (Y 7l E 7, R A — 4
MR P FIRRIC AR B AT B LE 73 — ANk B B A St rE e . BSIUTRE I H An it
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Source task | | Target task

1
1

| Label Mapping |: '| Label Mapping 1

= ! 1

********************** !
! Shared ]
CRF : I
i
|
[ i
|
Word NN I !
1 — — )
! 1
! Word Emb
| Char NN | l Word Emb I : [_charn_| | wordem !
= :
Char Emb !
—— | 1
(a) Base model: both of Char NN and Word NN (b) Transfer model T-A: used for cross-domain
can be implemented as CNNs or RNNs. transfer where label mapping is possible.
W 1 T R oo "o === eessssecsesss ssssssse-—-—-
1 Source task | | Target task ! | Source task : | Target task |
' 1 1 I 1 |
I I ot | | |
Lo 1 = Lo il o |
1 i 1
e et === 7 ! b | |:
I Shared i | Pt |
‘ o 5 |
—re— 1 |
= 1 i L |
I 1
| Char NN | | Word Emb | i
I
i
|
I
|

(c) Transfer model T-B: used for cross-domain (d) Transfer model T-C: used for cross-lingual transfer.
transfer with disparate label sets, and cross-
application transfer.

Kl 22: P A bR R 22 ) 200

ST ER NI AL 72 B H bR 07 A bR % . BA MR B Asih A b S\ hR 2 n]
o BPMIEG M EEOTR, XN e 2 T DU B bR 842, tHrThg
I AN AH BB I FR S AR o QI SRIX PR ANECA AT DA B R G (AR 2E4R, IS4 kT
DL 225 o 285 1580 v 0 BT S BORVRRIE RIS, AR TR A 5 i word-level J2 .
character-level J2 1 CRF JZ. HJ&7E CRF JGH 21— /M2 w72, X pp
BHb)H T-A. WRETE—MEN, EALE CRF ZMSEIL=, SN
% CRF )=, XFEEALN ) 1 T-B.

DL B AR AE B — FhiE 5 NSO E AR S CEEan&f7E 9638 N 8T SR AT
%), MTAREAES TGN, HRH T-B. EBIESHEET, BRBIESER
T H B AAN 2 E S TR R TSR, (HIX e Ty e e Ath BRI G RN B IR A
B FLLd) R MR T-C, I E T HA MBI RERI1E 5 2 M55 21,
BIANSEE M PRHE A, W ToaE MR IET . B 23 fi, TR A
Frig Tt

44 NG

VRFE % 5] NER B3I 4b T Bi-LSTM-CRF HE22 R, [R5 76 T4 il 1)
3], gAY TR AA TS, ARG R A R 2R BB G A
Y R LRI RE . CoNLL 2003 NER T 456465k H B iE 4 RCV1 ERHE 15T
LA, FRicE YR AR SA2ER (PER, LOC, ORG, MISC), HifIR
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Source Target Model  Setting Transfer No Transfer Delta
PTB Twitter/0.1 T-A dom 83.65 74.80 8.85
CoNLLO03  Twitter/0.1 T-A dom 43.24 34.65 8.59
PTB CoNLL03/0.01 T-B app 74.92 68.64 6.28
PTB CoNLL00/0.01 T-B app 86.73 83.49 3.24
CoNLL03 PTB/0.001 T-B app 87.47 84.16 3.31
Spanish CoNLL03/0.01 T-C ling 72.61 68.64 3.97
CoNLLO03  Spanish/0.01 T-C ling 60.43 59.84 0.59
PTB Genia/0.001 T-A dom 92.62 83.26 9.36
CoNLL03  Genia/0.001 T-B domé&app 87.47 83.26 421
Spanish Genia/0.001 T-C domé&app&ling  84.39 83.26 1.13
PTB Genia/0.001 T-B dom 89.77 83.26 6.51
PTB Genia/0.001 T-C dom 84.65 83.26 1.39

23: IEREHT R AR T

H span-based F1 R@EATVEAL . FIIF1 28 HAEIXAMESS |1 — L& state-of-the-art 15
RS R, Hd A —LrE G T TAA, BHEX BAER—A N .

%% 1: CoNLL 2003 NER | state-of-the-art 7

Model F1 Paper Code
Flair embeddings[ Akbik 93.09 Contextual String Embeddings for Sequence Flair
et al., 2018] ’ Labeling framework
BiLSTM-
. . AllenNLP
CRF+ELMo|[Peters et al., 92.22 Deep contextualized word representations .
i GitHub
2018]
Semi-supervised sequence tagging with
Peters et al. [2017] 91.93 . p . q gemne
bidirectional language models
) Empowering Character-aware Sequence
LM-LSTM-CRF[Liu et al., . . LM-LSTM-
91.71 Labeling with Task-Aware Neural Language
2017] CRF
Model
Transfer Learning for Sequence Tagging with
Yang et al. [2017] 91.26 . ) & d geme
Hierarchical Recurrent Networks
End-to-end Sequence Labeling via
Ma and Hovy [2016] 91.21 o
: Bi-directional LSTM-CNNs-CRF
LSTM-CRF[Lample et al,, 90.94 Neural Architectures for Named Entity

2016]

Recognition

225 3k

Alan Akbik, Duncan Blythe, and Roland Vollgraf. Contextual string embeddings for
sequence labeling. In Proceedings of the 27th International Conference on Compu-
tational Linguistics, pages 1638—1649, 2018.

Yonatan Belinkov, Nadir Durrani, Fahim Dalvi, Hassan Sajjad, and James Glass. What
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https://drive.google.com/file/d/17yVpFA7MmXaQFTe-HDpZuqw9fJlmzg56/view
https://drive.google.com/file/d/17yVpFA7MmXaQFTe-HDpZuqw9fJlmzg56/view
https://github.com/zalandoresearch/flair
https://github.com/zalandoresearch/flair
https://arxiv.org/abs/1802.05365
https://github.com/allenai/allennlp
https://github.com/allenai/allennlp
https://arxiv.org/abs/1705.00108
https://arxiv.org/abs/1705.00108
https://arxiv.org/pdf/1709.04109.pdf
https://arxiv.org/pdf/1709.04109.pdf
https://arxiv.org/pdf/1709.04109.pdf
https://github.com/LiyuanLucasLiu/LM-LSTM-CRF
https://github.com/LiyuanLucasLiu/LM-LSTM-CRF
https://arxiv.org/abs/1703.06345
https://arxiv.org/abs/1703.06345
https://arxiv.org/abs/1603.01354
https://arxiv.org/abs/1603.01354
https://arxiv.org/abs/1603.01360
https://arxiv.org/abs/1603.01360

do neural machine translation models learn about morphology?  arXiv preprint
arXiv:1704.03471,2017.

Akash Bharadwaj, David Mortensen, Chris Dyer, and Jaime Carbonell. Phonologically
aware neural model for named entity recognition in low resource transfer settings.
In Proceedings of the 2016 Conference on Empirical Methods in Natural Language
Processing, pages 1462—1472, 2016.

Ilyas Cicekli and Nihan Kesim Cicekli. Generalizing predicates with string arguments.
Applied Intelligence, 25(1):23, 2006.

William W Cohen and Sunita Sarawagi. Exploiting dictionaries in named entity extrac-
tion: combining semi-markov extraction processes and data integration methods. In
Proceedings of the tenth ACM SIGKDD international conference on Knowledge dis-
covery and data mining, pages 89-98. ACM, 2004.

Ronan Collobert, Jason Weston, Léon Bottou, Michael Karlen, Koray Kavukcuoglu,
and Pavel Kuksa. Natural language processing (almost) from scratch. Journal of
Machine Learning Research, 12(Aug):2493-2537, 2011.

Dimitra Farmakiotou, Vangelis Karkaletsis, John Koutsias, George Sigletos, Constan-
tine D Spyropoulos, and Panagiotis Stamatopoulos. Rule-based named entity recog-
nition for greek financial texts. In Proceedings of the Workshop on Computational
lexicography and Multimedia Dictionaries (COMLEX 2000), pages 75-78, 2000.

Kazuma Hashimoto, Caiming Xiong, Yoshimasa Tsuruoka, and Richard Socher. A joint
many-task model: Growing a neural network for multiple nlp tasks. arXiv preprint
arXiv:1611.01587, 2016.

Kevin Humphreys, Robert Gaizauskas, Saliha Azzam, Chris Huyck, Brian Mitchell,
Hamish Cunningham, and Yorick Wilks. University of sheffield: Description of the
lasie-ii system as used for muc-7. In Seventh Message Understanding Conference
(MUC-7): Proceedings of a Conference Held in Fairfax, Virginia, April 29-May 1,
1998, 1998.

George R Krupka and Kevin Hausman. Isoquest inc.: Description of the netowl (tm)
extractor system as used for muc-7. In Proceedings of MUC, volume 7, 1998.

Guillaume Lample, Miguel Ballesteros, Sandeep Subramanian, Kazuya Kawakami,
and Chris Dyer. Neural architectures for named entity recognition. arXiv preprint
arXiv:1603.01360, 2016.

Liyuan Liu, Jingbo Shang, Frank Xu, Xiang Ren, Huan Gui, Jian Peng, and Jiawei Han.
Empower sequence labeling with task-aware neural language model. arXiv preprint
arXiv:1709.04109, 2017.
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Xuezhe Ma and Eduard Hovy. End-to-end sequence labeling via bi-directional Istm-
cnns-crf. arXiv preprint arXiv:1603.01354, 2016.

David Nadeau and Satoshi Sekine. A survey of named entity recognition and classifi-

cation. Lingvisticae Investigationes, 30(1):3-26, 2007.

Georgios Petasis, Frantz Vichot, Francis Wolinski, Georgios Paliouras, Vangelis
Karkaletsis, and Constantine D Spyropoulos. Using machine learning to maintain
rule-based named-entity recognition and classification systems. In Proceedings of
the 39th Annual Meeting on Association for Computational Linguistics, pages 426—
433. Association for Computational Linguistics, 2001.

Matthew E Peters, Waleed Ammar, Chandra Bhagavatula, and Russell Power. Semi-
supervised sequence tagging with bidirectional language models. arXiv preprint
arXiv:1705.00108, 2017.

Matthew E Peters, Mark Neumann, Mohit Iyyer, Matt Gardner, Christopher Clark, Ken-
ton Lee, and Luke Zettlemoyer. Deep contextualized word representations. arXiv
preprint arXiv:1802.05365, 2018.

Hema Raghavan and James Allan. Using soundex codes for indexing names in asr doc-
uments. In Proceedings of the Workshop on Interdisciplinary Approaches to Speech
Indexing and Retrieval at HLT-NAACL 2004, pages 22-27. Association for Compu-
tational Linguistics, 2004.

Anders Seggaard and Yoav Goldberg. Deep multi-task learning with low level tasks
supervised at lower layers. In Proceedings of the 54th Annual Meeting of the As-
sociation for Computational Linguistics (Volume 2: Short Papers), volume 2, pages
231-235, 2016.

Charles Sutton, Andrew McCallum, et al. An introduction to conditional random fields.
Foundations and Trends® in Machine Learning, 4(4):267-373, 2012.

Serhan Tatar and Ilyas Cicekli. Automatic rule learning exploiting morphological fea-
tures for named entity recognition in turkish. Journal of Information Science, 37(2):
137-151, 2011.

Zhilin Yang, Ruslan Salakhutdinov, and William W Cohen. Transfer learn-
ing for sequence tagging with hierarchical recurrent networks. arXiv preprint
arXiv:1703.06345,2017.
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