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« BERT + Linear layer
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NER I2HF % T — 2k

 Local Replacement : e.g., (Dai and Adel, COLING'20)
« PEFT—ZNORTNILD F—27 v TEERZ (LWTR)
o FRE XA avOESMY, BEROBE O R WLIHR

— j( She did not complain of headache or any other neurological symptoms .
0 0 0 O B-problem 0] B-problem I-problem I-problem I-problem 0]

EI:).-_ L. One not complain of headache he any interatrial neurological current .
S O O O O O B-problem O B-problem I-problem I-problem I-problem O
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<B-ORG> Federal <B-ORG> <I-ORG> Commission <I-ORG> agreed to the proposal
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b III%—&FE T g 7’:)\ é b M\g <B-ORG> <MASK> <B-ORG> <I-ORG> <MASK> <I-ORG> agreed to the proposal

T Masking
<B-ORG> European <B-ORG> <I-ORG> Union <I-ORG> agreed to the proposal

T Linearization

European Union agreed to the proposal
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e T—X4tvw b (G : Fl-score) Train Dev  Test
: : : BC5CDR 5,228 5330 5,865
BioCreative V CDR (BC5CDR) (Wei et al., 2016) Onfonotes 59924 8528 8262
« Ontonotesb (Hovy et al., 2006) MIT.R 6900 760 1,521
« MIT Restaurant NER dataset (MIT-R) (Liu et al., 2013) Tweebank 1,639 710 1,201
« Tweebank (Jiang et al., 2022) WNUT-17 2,394 1,009 1,287
« WNUT 2017 (Derczynski et al., 2017)

s EVRXETIL NER E 7L :

 WENER (Back Translation; BT) : BART (Lewis et al., 2019) Distil BERT + Linear Layer

« SRt I REBENAVEE

« NWEFEH : Pegasus (Zhang et al., 2020)
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« LLM (GPT-3; OpenAl API): Ada (~350M parameters), Davinci (~175B parameters)
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Prompt A (B MR 4ERR) Prompt B (inline annotation)
Create a paraphrase for inputs like the following Create a paraphrase for inputs like the following
example: example. Preserve the annotations inthe [] and ():
Input: Japanese band The Altruists is releasing their hit Input: Japanese band [The Altruists](ORG) is releasing
single thisfall. their hit single thisfall.
Paraphrases: Paraphrases:
1. The Altruists, a Japanese band is releasing their hit 1. [The Altruists](ORG), a Japanese band is releasing
singlethisfall their hit singlethisfall

oo { 3BF—20xEAn | 5
Input: BLANK Input: BLANK
Paraphrases: Paraphrases:
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« LLM (GPT-3 Davinci) THE& A > 3 v &£
(ENTITY_TYPE & ENTITY_VALUE |[ZEHRA(ETE T Z)

Please list 10 examples of ENTITY TYPE suchas ‘ENTITY VALUE':
1.

e REDEHBFRIR (Unseen Entity; UE) 721+ T

Onto BC5 Twee  Wnut

MITR -notes -CDR -bank -17
DavB 15 35 238 4 15
DaV-B— 4 0 17 31 30

+MR
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ZDFERDHIR : —EBA R DAREI

« S ZAVE—F Y P OBEREFLERTT L THIR

factor B t p factor A t p

P 0.0148  9.004 1le-15 P 001 -5769 le-15
G -0.0048 -1.393 0.164 G 0.0012 0.323 0.746
DaV-B 0.0106  3.986 le-15 DaV-B -0.0138 -4.937 1le-15
support ~ -0.0031 -5.815 le-15 support  0.0041 7257 1le-15
cap -0.0011 -0.473 0.636 cap -0.0018 -0.759 0.448
number  -0.0154 -5.031 1le-15 number  0.0162 5.028 le-15
P:G -0.0032  -1.937  0.053 P:G 0.0045 2543 0.011
P:DaV-B  0.0078  6.121  1le-15 P:DaV-B  -0.0113 -8.354 le-15
P:support -0.0028 -10.925 1e-15 P:support 0.0031 11.456 1le-15
P:cap 0.0008 0.715 0475 P:cap -0.0044 -3.874 1le-15
P:number -0.0165 -11.095 1le-15 P:number 0.0142 9.062 le-15

Table 4: Coefficients of the model with entity level Table 5: Coefficients of the Linear model for Memoriza-

analysis (See the Appendix A.8 for the coefficients of tion: memorization ~ Paraphrase * ( Gold + model +

the full model) Apy ~ Paraphrase* (Gold+model + support + capitalize + number). Full results Appendix
support + capitalize + number). A9
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« Ghosh et al., ACLM: A Selective-Denoising based Generative Data Augmentation Approach for
Low-Resource Complex NER

o MLM I[CEDWTT —&HaRT 2T L WA
« Shen et al., PromptNER: Prompt Locating and Typing for Named Entity Recognition
« BERT ~®AA (Prompt) # Tk L THENIZFE
o FEIEREIXIRERY
« Liu and Ritter, Do CoNLL-2003 Named Entity Taggers Still Work Well in 20237?
e CoNLL-2003 T%& L 7- NER tagger |32 5H ? > Yes
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