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Al-In-The-Loop for NER tagging: A Novel Process for building Named Entity Recognition

Dataset using a Large-scale Language Model and Few-Shot Learning

Eun Bin Park

Department of Department of Industrial and Data Engineering, The Graduate School,

Pukyong National University

Abstract

This study proposes a novel Named Entity Recognition labelling process using
large-scale language models, and demonstrates its potential to compensate for
incomplete datasets and improve labelling. We show that the process can be used
to proactively label and calibrate datasets, despite the fact that only 10% of the
responses in the training dataset are correct.

Furthermore, this work provides important insights into the feasibility of integrating
active learning and model community-based tagging. In doing so, we propose a
perspective on entity name recognition in large-scale language models and suggest
strategies for correctly tagging unlabelled data in a cost-effective manner, thereby
improving the model’s understanding of the data. Furthermore, we show that our
method plays an important role in minimising the cost of data labelling and
maintaining a certain level of model performance even with insufficient data.
Based on these findings and proofs, the focus of this thesis is to provide practical
suggestions for the effective use of large-scale language models and the

improvement of labelling tasks.
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2.1 Named Entity Recognition Annotation Process
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2.2 LLM Annotates NLP Datasets
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3.3 Effective Prompt Engineering and Entity Annotation
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Figure 1. Learning from Human Preference [19]
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3.3.3 Task Description

s do] 2d gist dtde] s8] %S 71E F JIEE 9T
(Role)& A4 3t} System A& thyti Ao o] vkl & A
< AAstH, AssistantE A[B3] Wste= tiEe] xS FRE AF3t
System A% Assistant 5ol FFS Frh

e do] mdo] Alxe] WMoz thst duke] ZA InstructionS A
Foh 9A o\ AP slokstEAst T0) ute g Rk T W
A EAow ¢kow ojW FAow JEI} MP= R Audr)

1. You are a smart and intelligent Named Entity Recognition (NER)

system. The task is to labelling entities.
2. 1 will provide you the definition of the entities you need to extract,
the sentence from where your extract the entities and the output

format with examples.

3.3.4 Few-Shot Description

Few-Shot Learninge =do] M2 2APLS F3s+= YHE wj$= o
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A Few examples of the task.

4 N

Of Cf.. TIM MF Lt R =48] => Negative

40| Gl=tIE Mol A= ot

rir

Qis} => Positive

L2 UACtI2HM 2= SFHBICE => Negative

ALO| 2|2 UM A DDt EHUE ASH => Positive

wEA OOP|RH &XS| Mol Qlch.=>
Figure 2. Few-shot Task Description [14]
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3.3.5 Entity Annotation in Context with Large Language

Models
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3.4 Training Details

RE AySe %F 789 Vanila Pre-trained Language Model2 A}&3 Wl
stt}:  bert-base-uncased, roberta-base. AdamW=Z Optimised I $lo.H,
weight decay 0.01, Learning Rate 2e-5, Batch size 64, Sequence Length
256 1¥]a. 3 Epochs® 11733t}

Table 2 =9 &}o] 3 3}2}v] ¥

o] ¥ g} ) #
Optimiser AdamW
Weight Decay 0.01
Learning Rate 2e-5
Batch Size 64
Sequence Length 256
Epoch 3

BERTS} RoBERTa F 2d BF EdAIHE 7|Hto g 3 Qo] md=
BERT= Masked Language Model HIHES AME3] Yoz HAEE
Aeste EFoE 4 W WS o & olEsd & Aoy ¢HA do
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A% Mo g zdo] A Ao O Hold dsS HQITHI8L o F
wdo] ARgH StolH It H & A9 tha3 2t} Optimiserq! AdamWi=
Adame] ¥y H W Aolty. Adam2 Adaptive Moment Estimatione] &%
2, dutdo=w FEH AASHAHEGD)O Bl O wEA FHI

AdamWE 7153 ZFAa(Weight Decay) FAS 2317 98] AltE AL
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3.4.1 Using Match Rate for Evaluating Consistency among

Models
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1 TEZE WAA

1.1 CoNLL 2003

An entity is a object in the world like a place or person and a named entity is a phrase
that uniquely refers to an object by its proper name (Hillary Clinton), acronym (IBM),
nickname (Opra) or abbreviation (Minn.).

ONLY return entities DESCRIBED after.

Entity DESCRIPTIONS are defined as follows:

1. PER: Person (PER) entities are limited to humans (living, deceased, fictional, deities, ---)
identified by name, nickname or alias. Don’t include titles or roles (Ms., President, coach).
Include suffix that are part of a name (e.g., Jr., Sr. or IID.

2. MISC: Any format of miscellaneous.

3. LOC: Location (LOC) entities include names of politically or geographically defined
places (cities, provinces, countries, international regions, bodies of water, mountains, etc.).
Locations also include man-made structures like airports, highways, streets, factories and
monuments.

4. ORG: Organization (ORG) entities are limited to corporations, institutions, government
agencies and other groups of people defined by an established organizational structure.
Some examples are businesses (Bridgestone Sports Co.), stock ticker symbols (NASDAQ),
multinational organizations (European Union), political parties (GOP) non-generic
government entities (the State Department), sports teams (the Yankees), and military
groups (the Tamil Tigers). Do not tag ‘generic’ entities like “the government” since these

are not unique proper names referring to a specific ORG.
If no entities are presented in any categories or If you don’t know or understand or not

sure, keep it “O”.

Split all words into space. “B” stands for Begin,which is the beginning of the object name.
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“I" stands for Inside,which is the internal part of the object name.

All words EXCEPT “O” MUST start with a “B-“,but if they are separated by a spacebar
and are still a single word,start the first word with a “B-“ and the next word with an
“I-“. There is NO “B-O" or “I-O”".

If you think that provided sentence is incomplete,Just Answer the entities like example I
provided. And Please Answer ONLY example sentence’s Output and NEVER answer
ANYTHING other than output.

This data from news stories and articles consists of eight files covering two languages:
English and German. Please Concentrate on four types of named entities: persons,
locations, organizations and names of miscellaneous entities that do not belong to the
previous three groups.

Examples:

1. Sentence: ['Mr. Jacob’,’lives’,’in’,’Madrid’, since’,’12th January 2015°,'(",’2015-01-12",")","."]
Output: \nMr. Jacob&&B-PER\nlives&&O\nin&&O\nMadrid&&B-LOC\nsince&&0O\n12th
January 2015&&B-MISC\n(&&0\n2015-01-12&&B-MISC\n)&&O\n.&&O\n\n

2. Sentence:

['that’,’is’,’to’,’end’, the’, state’,’of’, 'hostility’,”,”,’\”, Thursday’,’s’,‘overseas’, 'edition’, of ", the’, P
eople’,”’s’, Daily’,’quoted’,'Tang’, as’, 'saying’,”.’]

Output:
\nthat&&O\nis&&O\nto&&O\nend& &O\nthe& & O\nstate&&O\nof &&O\nhostility&&O\n,&&O\n
"&&0O\nThursday&&O0\n’s&&O\noverseas&&O\nedition&&O\nof &&O\nthe&&O\nPeople&&B-
ORG\n’s&&I-ORG\nDaily&&I-ORG\nquoted&&O\nTang&&B-PER \nas&&O\nsaying&&0O\n.&&
O\n\n

1.2 Broad Twitter Corpus

An entity is a object in the world like a place or person and a named entity is a phrase
that uniquely refers to an object by its proper name (Hillary Clinton), acronym (»IBM),
nickname (Opra) or abbreviation (Minn.).

All Sentence comes from Twitter, sampled across different regions, temporal periods, and

types of Twitter users. And collected in order to capture temporal, spatial and social
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diversity.

ONLY return entities DESCRIBED after. NEVER output entities other than DESCRIPTIONS.
Entity DESCRIPTIONS are defined as follows:

1. PER: Short name or full name of a person from any geographic regions.

2. LOC: Name of any geographic location,like cities,countries,continents,districts etc.

3. ORG: a group of people who work together in an organized way for a shared purpose.
If no entities are presented in any categories or If you don’t know or understand or not
surekeep it “O.

Split all words into space. “B“ stands for Begin,which is the beginning of the object name.
“I* stands for Inside,which is the internal part of the object name.

All words EXCEPT “O“ MUST start with a “B-“,but if they are separated by a spacebar
and are still a single word,start the first word with a “B-“ and the next word with an
“I-“. There is NO “B-0° or “I-O“.

If you think that provided sentence is incomplete,Just Answer the entities like example I
provided. And Please Answer ONLY example sentence’s Output and NEVER answer

ANYTHING other than output.

Examples:
1. Sentence: [ “Gene®, “Cohen®, “’s“, “Beady”, “Eye®, “have®, “already“, “covered®,
“the®, “High®, “Flying", “Birds®, *’*, “album®, “.* ]

Output:\nGene&&B-PER\nCohen&&I-PER\n’s&&0\nBeady&&B-ORG\nEye&&I-ORG\nhave& &
O\nalready&&O\ncovered&&O\nthe&&0O\nHigh&&B-ORG\nFlying&&I-ORG\nBirds&&I-ORG\n’
&&O\nalbum&&O\n.&&O\n\n

2. Sentence: [ “Potters®, “Bar®, “is“, “in“, “Hertfordshire“, “(*, “Central®, “London“, ),
“.%, “http://t.co/lkncHGtI® ]
Output:\nPotters&&B-LOC\nBar&&I-LOC\nis&&O\nin&&O\nHertfordshire&&B-LOC\n(&&O\n
Central&&B-LOC\nLondon&&I-LOC\n)&&O\n. &&O\nhttp://t.co/lkncHGtI&&O\n\n

1.3 WNUT 2017

An entity is a object in the world like a place or person and a named entity is a phrase

that uniquely refers to an object by its proper name (Hillary Clinton), acronym (»IBM),
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nickname (Opra) or abbreviation (Minn.).

Sentences comes from Reddit, Twitter, YouTube, and StackExchange comments.

The goal of this task is to provide a definition of emerging and of rare entities, and
based on that, also datasets for detecting these entities.

ONLY return entities DESCRIBED after.

Entity DESCRIPTIONS are defined as follows:

1. person: Don’t mark people that don’t have their own name. Include punctuation in the
middle of names. Fictional people can be included, as long as they're referred to by name
(e.g. Harry Potter).

2. location: Name of any geographic location,like cities,countries,continents,districts etc.

3. corporation: Names of corporations (e.g. Google). Don’t mark locations that don’t have
their own name. Include punctuation in the middle of names.

4. product: Name of products (e.g. iPhone). Don't mark products that don’t have their
own name. Include punctuation in the middle of names. Fictional products can be included,
as long as they're referred to by name (e.g. Everlasting Gobstopper). It's got to be
something you can touch, and it’s got to be the official name.

5. creative-work: Names of creative works (e.g. Bohemian Rhapsody). Include punctuation
in the middle of names. The work should be created by a human, and referred to by its
specific name.

6. group: Names of groups (e.g. Nirvana, San Diego Padres). Don't mark groups that don't
have a specific, unique name, or companies (which should be marked corporation).

If no entities are presented in any categories or If you don’t know or understand or not
surekeep it “O.

Split all words into space. “B“ stands for Begin,which is the beginning of the object name.
“I* stands for Inside,which is the internal part of the object name.

All words EXCEPT “O“ MUST start with a “B-“but if they are separated by a spacebar
and are still a single word,start the first word with a “B-“ and the next word with an
“I-*. There is NO “B-O" or “I-O“.

If you think that provided sentence is incomplete,Just Answer the entities like example I
provided. And Please Answer ONLY example sentence’s Output and NEVER answer
ANYTHING other than output.
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Examples:

1. Sentence: [“RT, “@DamnTeenQuotes”, “#BattlestarGalactica®, “’s®, “32nd“,
“Anniversary”, “#StarWars“, “#TheCloneWars®, “.“, “going”, “to”, “alderwood”, “again®]
Output:\nRT&&O\n@DamnTeenQuotes&&O\n#BattlestarGalactica&&B-creative-work\n’s&&O\
n32nd&&O\nAnniversary&&O\n#StarWars&&B-creative-work\n#TheCloneWars&&I-creative-
work\n.&&0\ngoing&&O\nto&&O\nalderwood&&B-location\nagain&&O\n\n

2. Sentence: ['we’, 'got’, 'cody’, “’s“, ’ipod’, T, 'remember’, 'when’, i’, 'was’, 'your’, ‘age’,
', ’spencer’, ’from’, ’iCarly’, ‘was’, ’Crazy’, ’'Steve’, ’), ’Carly’, ‘was’, 'Megan’, ’and’,
‘Josh’, 'was’, fat’, ".’, "#damnteenquotes’]
Output:\nwe&&0O\ngot&&O\ncody&&O\n’s&&O\nipod& &B-product\nl&&O\nremember&&O\n
when&&0\ni&&O\nwas&&O\nyour&&0O\nage&&0\n,&&O\nspencer&&B-person\nfrom&&O\ni
Carly&&B-creative-work\nwas&&O\nCrazy&&B-person\nSteve&&I-person\n,&&O\nCarly&&B
-person\nwas&&0O\nMegan&&B-person\nand&&O\nJosh&&B-person\nwas&&O\nfat&&O\n. &
&O\n#damnteenquotes&&O\n\n

1.4 WikiAnn

All Sentences comes from Wikipedia.

ONLY return entities DESnotinoCRIBED after. NEVER output entities other than
DESCRIPTIONS.

Entity DESCRIPTIONS are defined as follows:

1. PER: Person (PER) entities are limited to humans (living, deceased, fictional, deities, ...)
identified by name, nickname or alias. Don’t include titles or roles (Ms., President, coach).
Include suffix that are part of a name (e.g., Jr., Sr. or IID.

2. LOC: Location (LOC) entities include names of politically or geographically defined
places (cities, provinces, countries, international regions, bodies of water, mountains, etc.).
Locations also include man-made structures like airports, highways, streets, factories and
monuments.

3. ORG: Organization (ORG) entities are limited to corporations, institutions, government
agencies and other groups of people defined by an established organizational structure.

Some examples are businesses (Bridgestone Sports Co.), stock ticker symbols (NASDAQ),

- 32 -



multinational organizations (European Union), political parties (GOP) non-generic
government entities (the State Department), sports teams (the Yankees), and military
groups (the Tamil Tigers). Do not tag ’generic’ entities like “the government® since these
are not unique proper names referring to a specific ORG.

If no entities are presented in any categories or If you don’t know or understand or not
surekeep it “O.

Split all words into space. “B“ stands for Begin,which is the beginning of the object name.
“I* stands for Inside,which is the internal part of the object name.

All words EXCEPT “O“ MUST start with a “B-“but if they are separated by a spacebar
and are still a single word,start the first word with a “B-“ and the next word with an
“I-*. There is NO “B-O or “I-O°.

If you think that provided sentence is incomplete,Just Answer the entities like example I
provided. And Please Answer ONLY example sentence’s Output and NEVER answer
ANYTHING other than output.

Examples:
1. Sentence: [“George“, “Randolph®, “Hearst®, %, “Jr*, “.“ , “works®, “at®, “Zina“,
“Garrison-Jackson“, “in“, “Conch®, “Key“, %, “Florida“, “he“, “loves®, “Fireball®,

“Cinnamon®, “Whisky"“ 1]
Output:\nGeorge&&B-PER \nRandolph&&I-PER \nHearst& &I-PER\n,&&I-PER\nJr&&I-PER\n.&
&I-PER\nworks&&O\nat&&0\nZina&&B-ORG\nGarrison-Jackson&&I-ORG\nin&&O\nConch&
&B-LOC\nKey&&I-LOC\n,&&I-LOC\nFlorida& &I-LOC\nhe&&O\nloves&&O\nFireball&&B-OR
G\nCinnamon&&I-ORG\nWhisky&&I-ORG\n\n

2. Sentence: [“Antiochus®, “I%, “of“, “Commagene”, “(“, “died”, “17%, ©%, “,“, “reigned®,
“12%, “BC-17%, “He®, “was®, “High“, “Sheriff®, “of“, “Suffolk”, “from®, “1670“, “to®,
“1671%, “.“]

Output:\nAntiochus&&B-PER\nlll&&I-PER\nof &&I-PER\nCommagene&&I-PER\n(&&O\ndied&
&0\n17&&0\n)&&O\n,&&O\nreigned&&0\n12&&0\nBC-17&&0\nHe& &O\nwas& &O\nHigh&
&B-PER\nSheriff &&I-PER\nof &&I-PER\nSuffolk&&I-PER \nfrom&&0O\n1670&&0\nto&&0O\n16
71&&0\n.&&0O\n\n
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