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T vgsd A Adol==A(Large Language Model)E©] NMEEHA ZFIZE x| o]g ]
A7 AFH Aok 2 =EelAE i gE SACAA AAY A4 Hes #
HEele] B e ZEXE F4(Template-free Prompt Tuning) & ©]
g o] J3 A4 Wl Maximal Marginal Relevance ¢ile]ES 483}
thgeta AR Bl o] FJos AAstESE idEY. A3 Ax,  LC B4
MAT ERlell Al PER’ EFS}S 0.60%p, ORG'  EFS}2 4.98%p, MISC 1 3
AaL, AA AW A4 e 1.26% FHEAT. olE S W =olA AlRE el o
7IRol WA Q1A As el =l 2& B

FHO: HAMY 1A, Few—shot Learning, Template—free Prompt Tuning, Label Word Set, Maximal Marginal

Relevance
1. A& o FES ol g3t WHS Adstant
2 =godAe 74t gE BAddA MATE A A
A gokst A AolRd(Large Language Model)S o= 0|71 13l [3lolA Atk ®lE=o] o gl
of MLHAWA AFGAL T P Aolsu o £ 7 ELEIE R PUE olgeti, of el e et
WS F7] 93 HAo LEIE(Prompt)E = Fgjel H o I A HHES JHAdsIT ol Hd V&
T2 E qdxyojge] tiet vhygst A3yt M=z o) o #T¥ dof FJ A el Maximal Marginal

[d

tH1,2]. ®ZZ5 7]4E 2YE EY(Template-based Relevance(MMR) ¢ig]&S 2&3ste] s 7NAgel o
Prompt Tuning)& &3 439 zAddojxg] Blx~To] AL 3 Huh tfsta 7R 28 do] s A3
He TZ2IE dAYolg el 3 wpHow Abde] AHoj®l Ut Albg i o] I AHHS A& HAAT
A Fxo HZ8)(Template)S ¥ul o] Frietel 23 7|E 2 o ds wro dso]
AbA BhEE o] o] @l dol(Label Word)E A FES FUskid.
StE% ot &R/ AY o5 Fdske AR &% T
o AAAH P ElAFANA Aol FHES HIS 2. #4844
712 mA ZA(Fine-tuning) W23 = o]
gz AREsE 2.1 QA 94
)
pos

=
of Ao TGFHoHERE 52 AHTS W £ o] F4F WA 2o #I AFE HE FE oUW LS
8k (Few-Shot Learning) &7 83ttt -] A 2 sl7] 98] 53 ¥ Message Understanding Conference

[2]. 28, AZE 7y 252 E FYS AY d4 (MIOZRE =97 AFEcH4]. A+ z7]de
I Ze BEFE F5o Ao A gaFe| HEstew A tiido]l A9 Fojo AFHUARE FHTo =
2E 7bse VA diE) BESE sk Aol e Adojol dig A5 @] o (5],
Q7] wFo Alzte] 2 ZAHUuE wHo] EAL). MAE 24 Ao F=2 BI0 Hl2E #F83F Sequence
olg3t WHS FHay] Ya [3lolAeE A 2124 labeling 7IWol A3t Fojdar FHtoll:= RNN, LSTM,
el ®=gloe] Ao Qe TEZE F(Template-free BERT 53 72 Hgld 7)¥b wdo] F2 AlgEH
Prompt Tuning) & Altstar, =8 o] Heh(Label UM [6 = Ao g HolHRE o HLS
0|

1, #Zel= A =
Word Set)& A7dst7] ffsf ©olo] Wlmspel Qo] mell mel 5= Q= 3k g 7| so] A+5ar Uv(3].
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2.3 Maximal Marginal Relevance

[13]ol = A4 A3 A4 29FS 93] Maximal

Marginal Relevance MMR) < A s} FTE4E
HagletHA #HAES Hulgsle 4 Ee 5SS
[e]

Ausie g

e g,

arg Jnax. [aSimy (S; , @) -(1-a) max

A FsATE. MR

FaelZe A

¢

Simy(S;,8;)] (1)

DT wAE °lF JE THEY AA ARS ovlsta
s A WY %, R D o FEFIFeE oln
Aelg BEAHES ondt. Ssim ¥ SimeeE FAME
st ol M2 e F4E ANEIAY Y&
grE AT 5 9l

dolB 7} #5373 &4 A
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Fo] ARAE &t =2 (20234)

o] o}
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do] Y28 YL
") A %A (Fine-tuning) 3t 7]
dZ Lo, =®do] “Obama was born in
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Y& o] “was” & aUR o F3t}. o]
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Label Word)¢} ¥y 3g2le] 7 & o] (Virtual
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Pre-trained Language Model
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(a) Standard fine-tuning

219 1. Template Free Prompt Tuning <A [3]

3.2 WMRe A&7 A o] I AA

Pre-trained Language Model

(b) Entity-oriented LM fine-tuning (¢) Template-based prompt tuning.
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"Party"
A7 | 'Corp', 'Los', 'Marseille', 'Union', 'EU',
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4. AYg 4 HF
2 =AM E (317 FdaAl A A4 dHelEd
‘CoNLL2003" & Abg&ste] 73 S5 SHAolA HAds
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¥ 2. o WE F5F g5 Ad A (F1 score)
71¥€ | 0.5 0.2 0.1 0.05 | 0.01 | 0.00
1
5- 51.3 | 55.0 | 54.6 | 55.3 | 52.7 | 48.6 | 54.9
shot 2 1 3 8 8 4 3
10- 66.8 | 67.6 | 68.8 | 70.4 | 66.0 | 63.2 | 63.3
shot 6 3 6 6 4 3 5
20— 71.2 | 72.9 | 71.4 | 71.5 | 72.8 | 68.2 | 67.7
shot 3 0 0 4 5 4 1
50— 74.8 | 74.0 | 74.5 | 76.4 76.1 73.9 | 74.0
shot 0 4 3 6 ’ 0 4
E 32 7P g dolE Febr] fg e W=
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£ 3. 7 B wol® Fabyl AF 49 WE aold
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Top k

4 6 10 15 20
Method
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PER "Michael", "John", "David", "Thomas", "Martin", "Paul"

ORG "Corp", "Commission", "Inc", "Union", "Party", "Bank"

LOC "England", "Germany", "Australia", "France","Russia", "Italy"

MISC "Palestinians", "Russian", "Chinese", "Russians", "English", "Olympic"
a =0.5

PER "Michael", "John", "David", "Martin", "Thomas", "Kong"

ORG "Corp", "Commission", "Inc", "Union", "Party", "Bank"

LOC "England", "Germany", "Australia", "France", "Russia", "Italy"

MISC "Palestinians", "Russian", "Chinese", "Dutch", "English", "Olympic"
a =0.2

PER "Michael", "Kong", "Clinton", "Johnson", "Hong", "Le", "Ahmed"

ORG "Corp", "Union", "Commission", "Party", "Los", "EU", "Marseille"

LOC "England", "Germany", "Australia", "France", "Russia", "Iraq", "China"

MISC "Palestinians", "Russian", "Chinese", "English", "Dutch", "Olympic",

"EASTERN"

a =0.1

PER '"Michael', 'Clinton', 'Kong', 'Johnson', 'Hong', 'Le’

ORG "Corp', 'Los', 'Marseille', 'Union', 'EU', 'Essex'

LOC 'England', 'Iraq', 'Germany', 'Russia', 'Australia', 'China’

MISC 'Palestinians', 'English', 'Russian', 'EASTERN', 'Major', 'CENTRAL'
a =0.05

PER ‘Michael', 'Clinton', 'Kong', 'Hong', 'Hasina', 'Johnson'

ORG ‘Corp', 'Essex', 'Marseille', 'Los', 'Hamburg', 'Sussex'
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LOC ‘England', 'Iraq', 'Moscow', 'Jordan', 'Indonesia', 'Russia’
MISC ‘Palestinians', 'EASTERN', 'Major', 'English', 'CENTRAL', 'WESTERN'
a =0.01
PER ‘Michael’ , ‘Hasina’ , ‘Keter’ , ‘Bahadur’ , ‘Azad’ , ‘Bengali’
ORG ‘Corp’ ‘Strasbourg’ ‘Pauli’ ‘Essex’ ‘Hamburg’ ‘Hassania’
LOC '"England', 'Mahala', 'PACIFIC', 'DAKOTA', 'KS', 'RED'
MISC ‘Palestinians’ ‘Major’ ‘EASTERN’ ‘CENTRAL’ ‘ERA’ ‘NATTONAL
a = 0.001
PER 'Michael', 'Hasina', 'Keter', 'Bengali', 'Azad', 'Bahadur’
ORG "Corp', 'Strasbourg', 'Hassania', 'Pauli', 'Krylya', 'Zizkov'
LOC '"England', 'Mahala', 'PACIFIC', 'DAKOTA', 'KS', 'RED'
MISC 'Palestinians', 'ERA', 'Major', 'EASTERN', 'CENTRAL', 'NATIONAL’
B. Top kol @& ¥ o] H3(a =0.1)

k=4 (71&)
PER "Michael", "John", "David", "Thomas"
ORG "Corp", "Inc", "Commission", "Union"
LOC "England", "Germany", "Australia", "France"
MISC "Palestinians", "Russian", "Chinese", "Dutch"

k =4 (AA71E)

PER “Michael” , “Clinton” , “Kong” , “Johnson”
ORG “Corp” , “Los” , “Marseille” , “Union”
LOC “England” , “Iraq” , “Germany” , “Russia’
MISC “Palestinians” , “English” , “Russian” , “EASTERN”

k=10 (71&)
PER "Michael", "John", "David", "Thomas", "Martin", "Paul", "Johnson", "Kong",

"Clinton", "Robert"
ORG "Corp", "Inc", "Commission", "Union", "Bank", "Party", "Co", "Ltd",
"Council", "House"
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n

LOC "England", "Germany", "Australia", "France", "Russia", "Italy", "India",

"Belgium", "China", "London"

MISC "Palestinians", "Russian", "Chinese", "Dutch", "Russians", "English",
"Palestinian", "Olympic", "Republican", "Turkish"

k =10 (A7)

PER "Michael", "Clinton", "Kong", "Johnson", "Hong", "Le", "Williams", "Ahmed",
"Jones", "La"

ORG "Corp", "Los", "Marseille", "Union", "EU", "Essex", "Party", "Sussex",
"Hamburg", "Utrecht"

LOC "England", "Iraq", "Germany", "Russia", "Australia", "China", "Moscow",
"France", "Israel", "Indonesia"

MISC "Palestinians", "English", "Russian", "EASTERN", "Major", "CENTRAL",

"Chinese", "WESTERN", "Dutch", "DUTCH"

k =15 (71&)

PER "Michael", "John", "David", "Thomas", "Martin", "Paul", "Johnson", "Kong",
"Clinton", "Robert", "Hong", "Scott", "Peter", "Ahmed", "Tom"

ORG "Corp", "Inc", "Commission", "Union", "Bank", "Party", "Co", "Ltd",
"Council", "House", "Association", "Department", "EU", "Ministry", "Angeles"

LOC "England", "Germany", "Australia", "France", "Russia", "Italy", "India",
"Belgium", "China", "London", "Netherlands", "Britain", "Spain", "Iraq",
"Sweden"

MISC "Palestinians", "Russian", "Chinese", "Dutch", "Russians", "English",

"Palestinian", "Olympic", "Republican", "Turkish", "Indian", "Wimbledon",
"EASTERN", "CENTRAL", "WESTERN"

k =15 (F¢71H)

PER "Michael", "Clinton", "Kong", "Johnson", "Hong", "Le", "Williams", "Ahmed",
"Jones", "La", "Smith", "Khan", "Davis", "De", "States"

ORG "Corp", "Los", "Marseille", "Union", "EU", "Essex", "Party", "Sussex",
"Hamburg", "Utrecht", "Milan", "Yankees", "House", "Barcelona", "Commission"

LOC "England", "Iraq", "Germany", "Russia", "Australia", "China", "Moscow",
"France", "Israel", "Indonesia", "Beijing", "Belgium", "Jordan", "India",
"Ukraine"

MISC "Palestinians", "English", "Russian", "EASTERN", "Major", "CENTRAL",

"Chinese", "WESTERN", "Dutch", "DUTCH", "Olympic", "NATIONAL", "ENGLISH",
"Indian", "AMERICAN"

k =20 (71¥)

PER "Michael", "John", "David", "Thomas", "Martin", "Paul", "Johnson", "Kong",
"Clinton", "Robert", "Hong", "Scott", "Peter", "Ahmed", "Tom", "Le", "Jones",
"Smith", "Ian", "Williams"
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ORG

"Corp", "Inc", "Commission", "Union", "Bank", "Party", "Co", "Ltd",
"Council", "House", "Association", "Department", "EU", "Ministry", "Angeles",
"Los", "Marseille", "Court", "Senate", "Yankees"

LOC

England", "Germany", "Australia", "France", "Russia", "Italy", "India",
"Belgium", "China", "London", "Netherlands", "Britain", "Spain", "Iraq",
"Sweden", "Pakistan", "Canada", "Israel", "Europe", "Brazil"

MISC

"Palestinians", "Russian", "Chinese", "Dutch", "Russians", "English",
"Palestinian", "Olympic", "Republican", "Turkish", "Indian", "Wimbledon",
"EASTERN", "CENTRAL", "WESTERN", "Major", "Serbs", "DUTCH", "Jews", "ENGLISH"

k =20 (M71)

PER

"Michael", "Clinton", "Kong", "Johnson", "Hong", "Le", "Williams", "Ahmed",
"Jones", "La", "Smith", "Khan", "Davis", "De", "States", "York", "Africa",
"Mohammad", "van", "Mo"

ORG

"Corp", "Los", "Marseille", "Union", "EU", "Essex", "Party", "Sussex",
"Hamburg", "Utrecht", "Milan", "Yankees", "House", "Barcelona", "Commission",
"Angeles", "Leeds", "Madrid", "Philadelphia", "Warwickshire"

LOC

"England", "Iraq", "Germany", "Russia", "Australia", "China", "Moscow",
"France", "Israel", "Indonesia", "Beijing", "Belgium", "Jordan", "India",
"Ukraine", "Netherlands", "Turkey", "Iran", "Italy", "Egypt"

MISC

"Palestinians", "English", "Russian", "EASTERN", "Major", "CENTRAL", "Chinese",
"WESTERN", "Dutch", "DUTCH", "Olympic", "NATIONAL", "ENGLISH", "Indian",
"AMERICAN", "Celsius", "Republican", "Wimbledon", "Irish", "Scottish"
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