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Jll Introduction

< Named Entity Recognition(NER) O|Z?
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v Semantic Search, Question Answering, Machine Translation =

estigation after his disparaging texts about President | Trump PERSON were uncovered, was fired. = CreditT J. Kirkpatrick PERSON for The
nesBy Adam Goldman ORG and Michael S. SchmidiAug PERSON 13 CARDINAL , 2018WASHINGTON CARDINAL —  Peter Strzok
ERSON . the F.B.L GPE senior counterintelligence agent who disparaged President ' Trump PERSON in inflammatory text messages and he
prsee the | Hillary Clinton PERSON email and Russia GPE investigations, has been fired for violating bureau policies, Mr.  Sirzok PERSON

d Monday DATE Mr. Trump and his allies seized on the texts — exchanged during the 2016 DATE campaign with a former F.Bl. GPE

\Sa Page — in PERSON assailing the Russia GPE investigation as an illegitimate “witch hunt” Mr. " Strzok PERSON , who rose over 20 yi
ATE atthe F.Bl GPE tobecome one of its most experienced counternintelligence agents, was a key figure in  the early months DATE of the

uiry Along with writing the texts, Mr. | Sirzok PERSON was accused of sending a highly sensitive search warrant to his personal email account.T
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Michal Jeffrey Jordan was born in Brooklyn, New

York.
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- Introduction

< Named Entity Recognition(NER) 2| Use case

« [CASE2] =8 A|AH

= ] = []
22 dead in ‘callous terrorist attack
i o o Lo e . = - ~
attacker’s identity - but are not yet
o confl o e} = =

s o T2 AA K= FARS 7IAE AFEXOA F=H

OLIVE v o) £ 7IAte| AEIE| =F > AE[E|Z} XStz CHE 7|AF 2

Manchester suicide blast: = =

Latest updates Tél_gl'
P Police: This was a terrorist attack
P 'l was thrown 30ft by the blast’
* Manchester: Subdued but strong
P Footage shows arena chaos o

Eyewitnesses tell of blast ® ?—-I l;:ili 7|:-1IA_I.|I 7|%§ 7| Hl—l-EE A"'gxro'”}” X-"()I_I-
horror
v 0f)) Netflix0il M R0|C|Z Bko| A s}D A0|C| AEIE|Z 23 &
- : oo X X

‘. —— M = dd= +=3d
Witnesses' stories from Manchester attacker "evil Manchester Arena attack:
Manchester loser’ - Trump What we know so far
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- Deep Learning Techniques for NER

<+ The taxonomy of DL-based NER

1. Distributed Representations for Input

B-PFER I-PER E-PER © O O S-LOC 0O B-LOCE-LOCO

v Bt 8 22X 2 Y| E Michael Jeffrey Jordan was born in Brooklyn , New York
O o =X S
v  POS tag ;tl A—|O|_|9|' 7EI-: —|—7|' 7Eo—IE %Oul' © Tag decoder
Softmax, CRF, RNN, Point network,...

&

e Context encoder

2. Context Encoder Architectures

CNN, RNN, Language model, Transformer,...

v CNN, RNN E= 7|Et HERIZE AIE

o Distributed representations for input

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

Deep Learning Based NER

3. Tag Decoder Architectures

Michael Jeffrey Jordan was born in Brooklyn, New York.

o =
v OI:I Eﬁ A| '=f"|_'|ﬁ9| EZ 0" I:H °._|' EH:L% Oﬂ? Fig. 2. The taxonomy of DL-based NER. From input sequence to pre-

dicted tags, a DL-based NER model consists of distributed representa-
v Off) B-(begin), I-(inside), E-(end), S-(singleton), O-(outside) tions for input, context encoder, and tag decoder.
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- Deep Learning Techniques for NER

Michal Jeffrey Jordan was born in Brooklyn, New York.
% BIO Tag
« NER It Z2 Information Extraction 20| Xt C
O|&E[&= Tag Set Named Entity Recognition
«  SILIOl ZHM[HO| {7 HEfAZ O|F O U U
2732 88%
Entity BIO Tag
Michal B-Person
. o|d
BIO 2|0O] Jeffrey I-Person
v’ B: Begin2| AAt= JHKN|FHO| AE = B& Jordan I-Person
v I Insidel| A2 JH|HO| LHE B E was 0
v 0: Outside®| XtE HHHO| ofl 22 born °
in 0]
v (BFI)E(L): END(LAST) o &XI2 K| gl & BE
Brooklyn B-Location
v (Xt < CHE JH Ko™
(F1d)s: &= 7N 3 New B-Location
York I-Location
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Michael Jeffrey Jordan was born in Brooklyn y New York .
° ° >
Deep Learning Techniques for NER §| @
ﬁ |Softmax‘ CRF, RNN, Point network, ... |
é e Context encoder
E’ ‘CNN, RNN, Language IT\OdEL Transfomer‘... |
5 5
° . ° S| | @ pistributed representations for input
J a - -
<+ Distributed Representations for Input ]| s e |
° Michael Jeffrey Jordan -V\Izlsibom in Brooklyn, New York.
1. Word-level Representation
Fig. 2. The taxonomy of DL-based NER. From input sequence to pre-
- = e o ooy oabr S g e outed foprosenta:
v’ pre-trained El word YH|Y: Google Word2Vec, Stanford GloVe, Facebook fastText & fons for input context ncoder, and tag decoder
v A EhE 2l word 2IH| S DS LE NER 22 SHE F 0] fine-tuning

2. Character-level Representation

v prefix & suffix@t 22 HA[HQI 5% THo] =& JEE O|85t= O &
O—I—

@] — 2] OO -4 - = 11
v out-of-vocabulary X 2| > EO|X| %= TtO{0f CHot B2 T2 AEA =72 fild BEE S+
v CNN, RNN &
. o Character-level e g H Character-level
3. Hybrid Representation preniaon | 3 epresntaton Concatenaton
. Convolution B —EI- E— -% @ ‘%!:
v Z7HER (0 M), of3] KA S A 1 . 4
Embedding E| E/ \lﬂ E- E E
Nz EX 5) £ TSR S S SUN SU SU SU
1T o o od Lookup [ Embedding layer J Embeddlnglayer
 * f * * f % * +
‘/ NER AO-I% %kg- Sequence Pad J o r d a n  Pad Sequence smrt J 0 r d a |-| End
(a) CNN-based character-level representation. (b) RMNN-based character-level representation.
Fig. 3. CNN-based and RNN-based models for extracting character-level representation for a word.
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Michael Jeffrey Jordan was born in Brooklyn , New York .

- Deep Learning Techniques for NER Orusc

|Soﬂmax‘ CRF, RNN, Point network,... |

o
e Context encoder

‘CNN, RNN, Language model, Transformer,... |
Fa¥
o

@ Distributed representations for input

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

Deep Learning Based NER

s Context Encoder Architectures

Michael Jeffrey Jordan was born in Brooklyn, New York.

1. Convolutional Neural Networks

Fig. 2. The taxonomy of DL-based NER. From input sequence to pre-
dicted tags, a DL-based NER model consists of distributed representa-
tions for input, context encoder, and tag decoder.

2. Recurrent Neural Networks

v GRU(gated recurrent unit), LSTM(long-short term memory), bidirectional RNN1t Z2 HIAC = d1t 1

3. Recursive Neural Networks Tag Decoder ( Sequence tagging layer
4. Deep Transformer (é@‘ﬁ’été@'ﬁ'é@’
v dHtMo 2z OlAG 9l C|ZEHO| AFRE|= convolutional or recurrent networks £ A
Lookup Distributed representauons for |npu
v self-attention, pointwise, fully connected layers& 2-&75}0] Sequence M-cheel Jenrewaman s born ; Brooklym
O _-?-l_[—l gtl [:l_-?—l_[—l% _<|3_|'<'5|- |E ;E; __I_I.g:_ Fig. 7. The architecture of RNN-based context encoder.
— — |
v 220| 55tHA R 2H5t= O W M2 AZH0] A0 &

Data Mining e, H
o.:.o Quality Analytics |".\‘.'.C1




B-PER |-PER E-PER O O 0O S-LOC O B-LOCE-LOCO
Michael Jeffrey Jordan was born in Brooklyn , New York .

- Deep Learning Techniques for NER == -

Softmax, CRF, RNN, Point network, ... |
N
e Context encoder

‘CNN, RNN, Language model, Transformer,... |

@ Distributed representations for input

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

Deep Learning Based NER

“ Tag Decoder Architectures

Michael Jeffrey Jordan was born in Brooklyn, New York.

1. Multi-Layer Perceptron + Softmax

Fig. 2. The taxonomy of DL-based NER. From input sequence to pre-
dicted tags, a DL-based NER model consists of distributed representa-
tions for input, context encoder, and tag decoder.

v'multi-class classification problem

2. Conditional Random Fields

3. Recurrent Neural Networks

T

B-PER

T

B-PER { -PER }

P

I

Michael Jeffrey  Jordan Michael Jefirey Jordan Michael Jeffrey  Jordan
{a) MLP+Softmax (b) CRF {c) RMNN
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“ Tag Decoder Architectures
« Conditional Random Field (CRF)
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TABLE 3

Summary of recent works on neural NER. LSTM: long short-term memary, CHN: convolutional neural network, GRU: gated recurrent wnit, LM:
language model, ID-CMN: iterated dilated convolutional neural network, BRNN: bidirectional recursive neural network, MLP: multi-layer parcaptron,
CRF: conditional random field, Semi-CRF: Semi-markov conditional random field, FOFE: fixed-size ordinally forgetting encoding.

Work Tharacier ‘B;E;g represental;-?:bnd ;_nr:-l‘s::_ Tag decoder Performance {F-score)
IEE)] - Trained on PubMed POS CNN CRF GENIA: 71.01%
[8s] - Trained on Gigaword - GRU GRU ACE 2005: 80.00%
[94] - Random - LSTM Pointer Network ATIS: 96.86%
[89] - Trained on NYT - LSTM ST NYT: 49.50%
[50] - SENMA Word shape ID-CNM CRF CoNLLD3: 90.65%:;
OntoMNotes5.0: 86.84%
[95] - Google word2vec - LSTM LSTM CoNLLO4: 75.0%
[99] LST™M - - LSTM CRF CoNLLO3: 84.5
[9&] TN Glove - LSTM CRF CoMNLLO3:91.21%
[104] LST™ Google word2vec - LSTM CRF CoNLLD3: 584.09%
[19] LST™ SENMA - LSTM CRF CoNLLD3: 90.94%
[105] GRU SENMNA - GRU CRF CoNLLD3: 90.94%:
[97] CNN GloVe POS BRMM Softmax OntoMotes5.0: 87 21%
[106] LSTM-LM - - LSTM CEF CoNLLO3: 93.09%,;
OntoMotes5.0: 89.71%
[102] | CNN-LSTM-LM - - LSTM CRF CoNLLD3: 92229
[17] - Random POS CHN CRF CoMNLLD3: 89.86%:
[18] - SENMNA Spelling, n-gram, gazetteer LSTM CRF CoNLLO3: 90.10%
[20] O SEMNMA capitalization, lexicons LSTM CRF CoMNLLD3: 91 62%:;
OntoNotes5.0: B6.34%
[115] - - FOFE MLP CRF CoNLLD3: 91.17%
[100] LST™ Glove - LSTM CRF CoNLLD3: 91.07%
[112] LST™M GloVe Syntactic LSTM CRF W-NUTIT: 40.42%
[101] CNN SENMA - LSTM Reranker CoNLLD3: 91.62%
[113] CHNN Twitter Word2Zvec PosS LSTM CEF W-NUTIT: 41.86%:
[114] LST™ Glove POS, topics LSTM CRF W-NUTIT: 41.81%
[117] LST™M GloVe Images LSTM CRF SnapCaptions: 52.4%
[108] LST™ SSKIP Lexical LSTM CRF CoNLLO3: 91.73%
OntoNotes5.0: 87.95%
[118] - WordPiece Segment, position Transformer Softmax CoMNLLO3: 92 8%
[120] LST™ SENMA - LSTM Softmax CoNLLD3: 91 48%
[123] LST™ Google Word2vec - LSTM CRF CoNLLD3: 8626%
[21] GRU SENMNA Li GRU CRF CoNLLD3: 91.93%
[125] LST™M GloVe - LSTM CRF CoMNLLD3: 91.71%
[141] - SENMA POS, gazetteers CNN Semi-CRF CoNLLD3: 90.87%
[142] LST™ Glove - LSTM Semi-CRF CoMNLLO3: 91.38%:
[87] CHN Trained on Gigaword - LSTM LSTM CoNLLO3: 90.659%;
OntoMNotes5.0: 86.15%
[109] - Glove ELMo, dependency LSTM CRF CoMNLLO3: 92.4%:;
OntoMotes5.0: §9.88%
[107] TN Glove ELMo, gazetteers LSTM Semi-CRF CoMNLLO3: 92.75%:;
OntoNotes5.0: 89.94%
[132] LST™ Glove ELMo, POS LSTM Softmax CoNLLD3: 92 28%
[136] - - BEET - Softmax CoMNLLD3: 93.04%:;
OntoNotes5.0: 91.11%
[137] - - BERT - Softmax +Dice Loss | CoNLL03: 93.33%;
OntoMNotes5.0: 92.07"%
[133] LST™ GloVe BERT, document-lavel em- LSTM CRF CoMLL03: 93.37%;
beddings OntoMNotes5.0: 903%
134 CMN Glove BERT, global embeddings GRU GRU CoMLLD3: 93.47%
131 TN - Cloze-style LM embeddings LSTM CRF CoMNLLD3: 93.5%
135 - GloVe Plooled contextual embed- ENN CRF CoMLLD3: 93.47%
dings




- Challenges for NER

% Challenges
 Data Annotation
v B2 Oo|H7EHe
| Zt0F H| 22| &X|
ATFEZGE ool £ E0 Q19 oS

224 ex) Bank Account(2& A Z}) vs. River Bank(&=)

* Noisy in Informal Text

v ALEAL dE HAE 22 H|GAH HAEGIZ, SNS &) O CHOHA]

o = -1 A
= o ¥ue
v 0|9 Kto)
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- Fine-grained NER

< Fine-grained NER in Domain-specific Area
*  Fuzzy-LSTM-CRF
« AutoNER

< Informal Text with Auxiliary Resource

» Gazetteer-enhanced sub-tagger
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- Fine-grained NER in Domain-specific Area

% Fuzzy-LSTM-CRF

Shang, Jingbo, et al. "Learning named entity tagger using domain-specific dictionary." arXiv preprint arXiv:1809.03599
(2018).

« EHX
=

v/ Multi-labels EE= unknown-typel| token X 2|

= N N - r Y%
o oE t"’ = 'ﬁ = .a;*’; = ?Hv : ’j&'g EoR }"’i
\ ﬂ:ﬁ o i‘:ﬁ ‘ ‘ = '*‘*‘ : ‘ hﬁ'\' ) ‘ =

= .l‘

OERCH 7
\ A fA A A A 'fA N

JD-IIL'I

_@g

max log| L H]
T

m
< Thus . indomgthacin by inhibition of prostaglandin - synthesis may diminizh

Figure 1: The illustration of the Fuzzy CRF layer with modified TOBES tagging scheme. The named entity types
are {Chemical, Disease}. “indomethacin” is a matched Chemical entity and “prostaglandin synthesis” is an

unknown-typed high-quality phrase. Paths from St art to End marked as purple form all possible label sequences
given the distant supervision.
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- Fine-grained NER in Domain-specific Area

% Fuzzy-LSTM-CRF
- BIOES Tag =78
v Token Type
1. YX|S}E= Entity Type O| U&= B2
2. Unknown Type2| Token > (Type2| 7{== * 4(BIES) + 1) 7H2| labelO| 7}5

3. Non-entity

o = o o o

'| "l' N s, 7 o \4" '.|
o e :%’ = ;"’; o ‘,.d = .* }%’; = ’. ; £ N = %&" "’i )
\ i ;ﬁ o ‘ ‘ﬁ* AN 2 ".!‘f, o ‘H

ffe n_,.n..?.m;._ oo
\ fA NN A 'fA N

||||||||||

<S> Thus . indomgthacin by inhibition prostaglandin - synthesis may diminizh

Figure 1: The illustration of the Fuzzy CRF layer with modified TOBES tagging scheme. The named entity types
are {Chemical, Disease}. “indomethacin” is a matched Chemical entity and “prostaglandin synthesis” is an
unknown-typed high-quality phrase. Paths from St art to End marked as purple form all possible label sequences

given the distant supervision.
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- Fine-grained NER in Domain-specific Area

% Fuzzy-LSTM-CRF
- BIOES Tag =78

v Example (Entity Type : {Chemical, Disease})

= Unknown Type?2| 7152t labeled: {O, B-Disease, |-Disease, E-Disease, S-Disease, B-Chemical, I-Chemical, E-Chemical, S-

Chemical}

= Non-entity : {O}

- NS F a o
— W7 N N v 7
" / B ¥ B ‘jd = A"l A* E} ‘t‘ Nh": B= rA" B altl. B :,
. % ‘ 7\ Disnssa, ‘r“l D iicis "T‘_" n...m.. ‘r“.' Diavicins, 'l" 5 o ' ity ‘ D [ir—
Y ,» — ,-. N A ~ — u
. A F Dim '.' n-u- I Dil._ ‘lhk I- J‘ DL“ D'I-ﬂD
\ | i - 1 'Ji
oy N\ f = f‘ - A
<S> Thus . indomgthacin by inhibition of prostaglandin - synthegis May diminish

Figure 1: The illustration of the Fuzzy CRF layer with modified TOBES tagging scheme. The named entity types
are {Chemical, Disease}. “indomethacin” is a matched Chemical entity and “prostaglandin synthesis” is an
unknown-typed high-quality phrase. Paths from St art to End marked as purple form all possible label sequences
given the distant supervision.
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Jll Fine-grained NER in Domain-specific Area

% Fuzzy-LSTM-CRF
* Calculate

v Word sequence: (X;, X5, =+, Xp)

v' The score of the predicted sequence (y4,¥2, ***, ¥n)

n n
s(X,y) = Z Pyyie T Z Py
i=0 i=1
v Maximizes the total probability
Y€Ypossible e*XY)
p(y|X) = IPECE)
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- Fine-grained NER in Domain-specific Area

< AutoNER

Shang, Jingbo, et al. "Learning named entity tagger using domain-specific dictionary." arXiv preprint arXiv:1809.03599

(2018).
° 22X
- 1
v QIS tokenO| 7| EHA| HO|

Entity Type: Nona Entity Typa: AspectTern Entity Type: None

- A “]
¢ P
S Sl e e boogh
ikl CEIEIE AR eI
-] ace E|

Figure 2: The illustration of AutoNER with Tie or Break tagging scheme. The named entity type is

{AspectTerm}. “ceramic unibody” is a matched Aspect Term entity and “8GB RAM” is an unknown-typed
high-quality phrase. Unknown labels will be skipped during the model training.
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- Fine-grained NER in Domain-specific Area

< AutoNER

« Tie or Break
v Adjacent Token Type
1. Tie: & TokenO| & L%t Entity

2. Unknown: Token & & 0| & StLtZt unknown-typed & 6t= 42

3. Break
Entity Type: Nona Entity Typa: AspectTern Entity Type: None
Hreak/o\ireak__ ___———_____________ Ti _____________——— — ﬁﬁr"}aﬁ--—-h____
; o
8 OO O0-0-0O-0-0-0 OO0
_ l‘ﬂ @ﬁﬂIz L) I_.@_. ) I_.@_.@ I‘
jfelilfo o} o feffepfot o feffcffe ol foffsffa
B [uiboay| 8GE E|
Figure 2: The illustration of AutoNER with Tie or Break tagging scheme. The named entity type is
{AspectTerm}. “ceramic unibody” is a matched Aspect Term entity and “8GB RAM” is an unknown-typed
high-quality phrase. Unknown labels will be skipped during the model training.
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- Fine-grained NER in Domain-specific Area

< AutoNER

» Tie or Break
v' Example
1. Tie: ceramic unibody
2. Unknown: 8GB RAM

3. None

Entity Type: Nona Entity Typa: AspectTern Entity Type: None

Figure 2: The illustration of AutoNER with Tie or Break tagging scheme. The named entity type is
{AspectTerm}. “ceramic unibody” is a matched Aspect Term entity and “8GB RAM” is an unknown-typed
high-quality phrase. Unknown labels will be skipped during the model training.
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- Fine-grained NER in Domain-specific Area

N

Data Mining
Quallity Analytics

Table 2: [Biomedical Domain] NER Performance Comparison. The supervised benchmarks on the BCSCDR and
NCBI-Disease datasets are LM-LSTM-CRF and LSTM-CRF respectively (Wang et al., 2018). SwellShark has
no annotated data, but for entity span extraction, it requires pre-trained POS taggers and extra human efforts of
designing POS tag-based regular expressions and/or hand-tuning for special cases.
Human Effort BC5CDR NCBI-Disease
Method
other than Dictionary Pre Rec Fl Pre Rec Fl
Supervised Benchmark Gold Annotations 88.84 B85.16 | 86.96 | 86.11 85.49 | 85.80
SwellShark Regex Design + Special Case Tuning 86.11 8239 | 84.21 | 81.6 80.1 80.8
Regex Design 8498 8349 | 84.23 | 647 697 | 67.1
Dictionary Match 93.93 5835 | 7198 |9059 56.15 | 69.32
Fuzzy-LSTM-CRF None 88.27 76.75 | 82.11 |79.85 €7.71 | 73.28
AutoNER 8896 8100 | 848 |7942 7T198 | 7552

=t hcol
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Test Set Fl-score( +£std)

Model CoNLL OntoNotes
Ma and Hovy (2016) Y121 -
Lample et al. (2016) 90.94 -
Lin et al. (2018) 01.2440.12 -
Devlin et al. (2018) 02.8 -
Chiu and Nichols (2016) 7 | 91.62+0.33 86.28+0.26
Ghaddar and Langlais "18 | 91.73=0.10 87.950.13
Peters et al. (2018) 02.22+0.10  BO.04+0.77
Clark et al. (201%) 026 £0.1 838.820.1
Akbik et al. (20TE) 03.00+0.12 ®O.T1
HSCRF 02.5440.11 89.38+0.11
HSCRF + concat 02.532+0.00 BO.730.19
HSCRF + sazemb 07 634+0.08 8077020

ISCRF + sofidict | 0275:0.18__ 904016 |

Table 1: Results on CoNLL 2003 and OntoNotes 5.0
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