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A 17 AE

A 1A dF9] =7

EW 22w (transformer) (1] 2 o] A zde] A AAE F+=
WHE ARt om o3 2tk 4 sld Al ek #lo] &7 (labe
ling) ® dlol8 A& FH/FA . A2, sl ZAlo 2tA A

g vtEY. 7k E2(token)d £ HHEI F 23 AA

d 4, = RNN(Recurrent Neural Network) 7% ZdE&

o apAgte 2 A- e &4 4 (loss function) S o] &3] 2
]

.
A, & u) A e 2w vetRE g7

ol Aelel AL S ZA vk
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deling) =& A7 ¥d EZ(masked language modeling) & o &3l #

A =gk et Ao 2dol Abd sk v
WS, HAAQY dolES AF Algsle A5 Abd G &8 938
W] =8t (semi-supervised learning)°o|8 F27|= 3}



2d (foundation model) 4tel o] ZpA|ol ZA Zh2h mlM x4 (fine-t
uning)dl AFg&3sts, ol 28 "AbA G- 2% Y (pretrain-fin
etune paradigm)”’(2])¢] #|<tE AT},

Fine tuning : Task #1

Pretrained

learning Language Model

Pre-training Fine tuning : Task #2
Head for Task #2
Semi-supervised Pretrained Supervised
corpus ——————] . Pretrained
L Model dataset
learning anguage Mode learning Language Model

Fine tuning : Task #3

Supervised . -
- retraine
learning Language Model

I 1 AMAEgF-mAzd dHgd
APt 2 sE T s 9 2E 3 o] sl ns EdaE A
of BdlE dl9t=E E3 (corpus)el ti3l H}X]lr:—i}%(seml—superwsed learni
ng) WA o2 gFA7IaL, olFA TR AL EsF do] d (Pretrained La
nguage Model, PLM, 29l =4 A+g) S 7|8k 24 (foundation model)
Ahob o2l Aol gAl 242t wl A 2% (fine-tuning) 3 AF-&get.

|

] Atk stellA = oAl o o] 24 HAE E
—% g 5E A art glith. AFd ey do] =
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o gt &/F4 4 4 (sentiment analysi

s) A2 APstctm & BA g WA G Bl te Foay ¥
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olo]Z At} nixgo g AAHI £ S o]
gtoro] g5 e /5% 1 4 A oA
¥ (Binary Cross-Entropy, BCE) £4 3d+Z Al&
o}, oluf g5 oA AP S G Ao Rl wsfH S

A
T
ANA (freeze) =< 4% 21 o] duolEF 4% T}

N

A E-n Az AT stellM HAlel dal 2 4 Wl 9l

z
ANE FAlo] B 4G £4 F5Z ALEE A GRo] A 2y
2 A8HE AAGE do] RaR A% $e nde Ads st 2
o] Faakth MG Aol mde] Pl L% Adofo] B |4
79 2e o} melolehs Foln, AAS 74 HAle] B vAEY NS
Mol A%E o Folxy] el e drse o 2, 9 Fe o
2 Holg Aol tal S8 AAeE do] REASE Je] Fri 2

719 e A7 ASH R Z,:z@QO}r/} & 9
nAl®] GPT-3(9)9 7% 1,7309 7He] wi/AS+E 7}X]5i 9)\3531, ?l
7+ :cm %E%O] ok 8609 N AL AzHe) BW(16

de ATk, FAA Al do] Ed(Large Language Model, L
LM)J ]Eﬂﬂ add AHoln.

olf At do] Rdle A= AAE 7HA L 5ol dHix=d, v
2 in-context learning®] 7Fs3lth= Alth(9]). In-context learnin
gol&t 7]&9] At gtE-mAEd detdds 24 2d Fx W7 o]
U 371 g 34 glo]l Ad 2l 2do Al A it A ¢ 1A
ARt ZFZE (prompt) & AHSL FA S EeF Htee Ao, F
In-context learning= °©]&3lH few-shot learning, 4! 1101 zero—sh
ot learningZ}A 7}&3t Aot} 5 A3zl <o3tH erxﬂ
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fu
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o] JAE FPE & EZ w2 A& W3 zero-shot learninge| &



O AL dAWMO 2% in-context learning
del 277 25, 9 B 79 A E =

ntext learning® A%°] =okxltta g},

2o A in-context learninge] 7Fsstth= A2 Adl A
do] e ‘AA'E 7R US55 AARETE6) 1 A "ARd gt
= ¥ < (pretrain-prompt-predict paradigm)”(2)
2t Eele AEE sfgusde] AU, o] Y AbdStEF-n A =d )
Aol A= AP e Ao] o] zpAofd tig) 3t O]?'SH% 3l aL
3 AASEaL, o] Aol thek o) E vt e 2 ZF A
g o Wgs wE RdE AAE ] spA R
E-d| & dyusdddes Ad do] Bdo] it = E’af%*]
ZoolA Aol tigh olsfel A & AE T yolrt A=
Atk Ao, 2 2 JAE E o 229 FExE=
(zero-shot learning < ¢3l o} <F
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Few-shot : Task #1

examples |0 | (no training) Pretrained

Language Model

Pre-training Zero-shot : Task #2
Semi-supervised Pretrained (no training) Pretrained
__Semi-supervised |
b learning Language Model Prompt Language Model

Fine tuning : Task #3

Supervised Pretrained
learning Language Model

A F-ZFEZE-F Jﬁaiﬂr?ﬁoﬂfﬂ% A ErEE A
nguage Model, LLM, 89| =4 Alztg)o] 2
Oﬂ’\ﬂ dEEe] A S AT "AA S, 2 AAE E o
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A2 28 Z(Knowledge Graph, KG) & dd AA A4S &l AL}
71 Y3 HH oz A (entity) ES == (node) &, /WA 2 3te] #AAE 1A

(edge) o & sl Yl 7+ gol &3 E F3 23 E(directed edge-labeled

graph)e|t}.

A2 g Ze 2 AV S5 U B2 42 T 5 A ojuf 1%k
A9 et Az Quz Aol 97 hRe], BA 2 (Relati
on Extraction, ER) #A| 9] FaAo] AT #A FZHolgt dl2EV}
FoARAS W, d2E & F /A Alol9] A (relationship) S F=a W
= 3 gD dF 5o, 'MES YNl T ot "ge g2E
7) A FE5 st W A FE29 dide] He NAES FA5tE H o] A3

Hojof gty Foizl HAERZEE (FA FE25 FIZ) MAES FHt=
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Ao} nd(language model)ol& doje] &5 E¥X S Yed 2d &
- =
T [e)

st 24719 Ao} wEle Markov 7He] 278 old wol o
49e u e wole] 54 NES At WA e ATH56)(57)
(58)(59). o] Waom wEolzl dol BUS &8 o] md(Statist

ical Language Model, SLM)°|g} ¥2t}. g5 dof 2d 2 JH =&
(information retrieval) (60]), POS(part of speech) EBlZ (61), 4
o121 (62], 7IAWMY(63) < Tjr"ok gk Zpd o] Al Fofd $8% A

o]% RNN= 7]‘?_9—i 3l Al AW o] 24 (Neural Language Mod
nue FH o]y} H)=23 doj e

3, RNN 59 A7d% 2d 2 ol &a 1 doj=5g 7 dojo] g &

2F %3 (distribution representation) S gsgole #2027 FZ3lt)

(64)(65). &2 214 HE o] &3] FdH Word2Vec 1o md g JJrZﬂ
Wk ofu g} theFet Aol A FokellA F& e BEAT6

Word2Veco] A3 do] RdS 7| B2 Apg-3) oheksh ZPoﬂcﬂ 74
2] wobs F= AMEEF-AIRA Hytid s o= Ao HAY. E
LMo Taxd sl Abdetgate] ¥ EHo =Ry Adg tho] 14
(word representation)s 353 e LSTM (biLSTM) = 2F A+

- 11 - ] 2-th



HA) (downstream task)ol] thall v A 238l Al&3t= WS A3t}
(68).

71 RNN tiH] §&x 27t 7bss] o 2 2dS 4ol tii: 2%
Ao el R AT ES T & e EdaEn (1) 2d9 T3
< Ao RS g @A o AN AHY. Edlaxe] 2do QlAy B
< 7F4& BERT(30], 28 F&%s 7P GPTI7]E 47 2o
ola] EoF(Natural Language Understanding, NLU)<} Ao A4
FoF(Natural Language Generation, NLG) EokilA £ Aes
Hodth o]l o 2 459, ¥ A &3E masked o] 22 (4](5](

—
5

6], causal ¢1o] RH(8](9), =7 Aol 2 (10](11](12](13](
5ol AAHAT.8)

Al 2d A Aol 24

OpenAI7} 1,730¢ 79l wi7idsE 743 GPT—3[9]%
2, g 714 5] gkt W o g2 A causal o] B 1t
F/hETh. NVidias 8309 7He] w745 713 Megatron—LM[42]
< WEAJAT. MicrosoftE 1729 7He] wiZ/lH4E 7k T-NLG(32],

5.3009 7He] w74 E 712 MT-NLG(33) 52 ©E%Y. Eluther
AlE 279 A2 mi7/f=E 7}: GPT-Neol(34]), 60< 7He] w7l &
7kl GPT-J(35]), 2009 7He] wi7f¥i4E 7F GPT-NeoX(36) T+
WS 3 F/N T, Facebook/Metaty 6609 719 mi7f<== 712 OPT

EJ_ 1017101] A3 TEHH causal ol Bdrlo] o]
Zloltt, ANt e 5o o] Rdle ouy} s o] TRl o

2 e ode o

o] #o &
H 53 do& oﬂ—i‘—%}—t— Feje mdolgte onE ALgHh g4d o
zdlo] Fojo] w2 masked o] R} AR o] 2d EFE Ao

dolg} £2 5 9 Aol



(37), 6509 7] wiAM4=E 7} LLaMA(31) 58 51 373,
BigScience= 1,7609 71 w7/l 4E 7121 BLOOMI(38)=& ¥r&Ex
TNAT. Google= 1,370¢ 719 wi7i¥ASFE 712l LaMDA[(39], 6.5
009 79 wiZl¥4E 7k PaLM(40], 3,4009 7le] wiZfi4& 713
PalLM2(41) 5& "=t

ol & A2t A= | wiiRs 5
GPT-1(7] Radford & 2018 110M
GPT-2(8] OpenAl 2019 1.5B

Megatron-LM (42] NVidia 2019 8.3B
T-NLG(32] Microsoft 2020 17.2B
GPT-3(9] OpenAl 2020 1758

GPT-Neo(34) EleutherAl 2021 2.7B
GPT-J[35) EleutherAl 2021 6B
MT-NLGI(33] Microsft 2022 530B
GPT-NeoX[(36) EleutherAl 2022 20B
OPT(37) Facebook 2022 66B
BLOOMI(38] BigScience 2022 1768
LaMDA/(39] Google 2022 137B
PaL.M(40) Google 2022 650B
LLaMA(31] Meta Al 2023 65B
PalL.M2(41]) Google 2023 340B

E 1AW 2o 24

Al o] ®do] & = 9le dES FHeE A= o3 AP H AT

S
=
Brown & F#3] & causal do] 2L zdo] A HA =S do] A



Aol olaf FAE F F J=2 EATHI). Liu 2 p-tuning®]

AASFAA causal o] Ede] ApAo] ofaf Ao A 2] 4

A =AYH25). Lester 52 prompt tuning®|zts WS A A A A

ARG F-ZEZE-d S detigle] RdS A FA e AR gEg-m] Al
K<

A sjtielurZo] Aol e 4 9 3%1“3}26 Wei &
3)

5% Al vt Al Ao B d%E EolAY zero-shot 5=
 97% g5 AYPHAY. Weis o] 2dle] zero-shot AT
g = = AAIAFE A 2% (instruction tuning)elghs WHS A
t}(43]). Christiano, Stiennon &< 1zt I =wE B} (rewar
o7 e AIstgS o) &d Ao mdo] ¢ #§83 dWS A=
3= RLHF (Reinforcement Learning with Human Feedback)
22 A TH44)(45]). Ouyang 5 GPT-32 RLHF W4 o=
AzA e e InstructGPT7F %ol B Fold S EAvH46].

of xde] A7|7} A& AR wet Rds stFetn
of AR AA Uvt. A o A2 Adow ¢ &
WS o] A AT Rajbhandari, Ren 52
g5/ W GPU W22 & &2 o= A
7ZeRO([47), ZeRO-Offload(48]), ZeRO-Infinity(49) %-4 S A
2ttt Microsofts A% A4S g&xo= ZfPé/A g 9l

X 38} glolB 2] DeepSpeedE F/MEATH50). Hu 52
= AT o AA mdo] ojye}t 459 ’l‘7]‘ g o]of R =
RAZ= W ES AL TH(51). Huggingface® LoRA & Adl <o
g w48 &4 (parameter-efficient) WHOZ A 2% T

= peftebs golBEg S F7altH(52).

- 14 - 2] 21



T8 A FF #A FF voly Ade a3 22 A5l AT Qu
k &< distant supervision?9 2.2 %3 DISCREXZ= dHlolH Al
= 3MATF(53). Li & AtEe] AR #HeolEP e, PubMeddllA =
st 1,50071¢] #A & o] Fo]7 BCHCDRel gt HolHA S 531
WAT(54). Yao 52 Aol A4 o= g, WikipediadlA
5,0004 7He] #A1 2 o] Fo1x DocRED#= HolH A& T35}
A TH(55]). Tan &< DocRED Ho|H AlolA false negative A3
T AME S A Aeta, F71 ol &g & Faste] Re-DocREDE
B AlS 5t F/0380(30). & 2+ T8 wA o 34 F
7

B s el Aot

r ol

=
°|
dle]
dle]

N
==

i rlr mtu H 1
&%

;0\

A 2 #A FE JAE it o2 EF{(classification) JA=E
A=A}, 71E AFES AT F-AERE el St A, A
A FEsuA st #AY FFES HolEE BERT, RoBERTa 5%
22 masked o] 2d S o] &3] Fo7 A o] oW el E(HA)
o slFeteAS EFdle WA o g AU Yao 5 DocRED H
olf Alel i3] Bi-LSTM= AH&3t= Edg Al<tstth(55]). s

< adaptive focal loss®} A4 FZ(knowledge distillation) 7]‘%%

AHE-3= BERT 719F 2dE A etstdth(29). Ma 5& &4 3 (evid
ence) S o] &8 olHAS HHs= RoBERTa 7|8 2d DREEAMS
A ekl AT (28] .

9) o A4 A AL (Knowledge Base, KB)E o| &3], d2E & % /A7)
WA A D dew g BAE Y HisdA Be F e B

F 3= W
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dlo] g Al A=} Sl A F
BC5CDRI(54) Li & 2016 1,500
DISCREXI(53) Quirk & 2017 10,000
DocREDI(55]) Yao & 2019 5,053

Re-DocREDI(30) Tan 5 2022 4,053
dlo] g Al A TF T A A AE dolg
BC5CDRI(54) 1 3,116 PubMed
DISCREXI(53) 1 04,000 PubMed
DocREDI(55) 96 063,427 Wikipedia
_ Wikipedia
Re-DocREDI(30] 96 50,503 (DocRED)
dlo] g Al !
human annotation 2]
BC5CDR[54] chemical-disease @AW 118
distant supervision W3]
DISCREX (53] FRR e St
DocRED(55) human annotation =]

general domain ®|°|E Al

Re-DocREDI(30])

human annotation 2]
general domain Hl°o]E Al
DocRED Hlo]g A 74

x 2

8

A

M

)

PN
T

,16,

A FZ dolH A




=0

o

o

Al 3 & A

A1 A ML

it
=

™

i

Tor

ol =
BO AMn
T
NG
fI'e!] L
(!
™
=
ey
=
N
)

23 do]lg Al Re-DocREDe| o

oo
—_
)A
~s
=
Jl
g
B
%
< T
T =
T R
JIOO
o
o
By
P o
T
T T

, Al 5

=
=

Al

ol
=K

mu

AN

%4 Re-DocREDY train

ESER=S

dlel el Al T

=
=

LLaMA-7B

o
=

S o] &3] FE(inference)

al7

bo}. e

R

=
=

St E LLaMA-7Be g€ al~E

BAE diERREH BAAS

=
ol=

=i

o
W
N

Re-DocRED

A 24 EF dolg Al

=
=

29 % % g7}
4 ol A8

Wikip

o] &3t} Re-DocREDE

Re-DocREDI(30)&

-
.
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Re-DocRED I:> | sentences | entities labels

& & % <@= Chain of Thought

### Instruction

Determine the relationship between
According to the sentence 'Anthony
entity A and B, which are denoted
Maitland Steel ( 21 May 1920 - 21
by <entityA>A</entityA> and

March 2001 ) was an English actor
Input Prompt <entityBBe/entityB> in the Output Expected
and singer ', the relationship
sentences.
between entity A and B is 'date of
A relationship can be one of the
birth'.
following:

Instruction Tuning
+LoRA -> % 9P &

LLaMA-7B

a¥ 6 29 s W

OH2 B AFolA Alctetes Bl g WS HolEr. 1) Re-DocRED

(19 9% 9] EapAd) train =Z8 9] ZF HolHERH 8 ZEZE-ZY 7|

Ak RS e (a2 7kEd), 2) LLaMA-7B(Z2 ¥ ol =) E 2| A ALg
ul A 2% (instruction tuning)$tt}.

o %

edia9lA =33 & 4,053702] EAcl dial, 4 W) AE 25 2
St 3 9659 F A P BAE Abge] A E7F3 human-annotate
d "olg] Alolt}. Re-DocREDY 96%F #Ae =7 L AgLe 1= 1S

Fzstat

gole] Al 2Z8 Re-DocREDE train 22Z3¥ (train split), dev
2Z3l (dev split), test 2Z3 (test split), o1ZA Al 71e] ~Z=2 (spl
it)oz o ot E 32 74 2ZE FAFS FEs Aol

i

glolE Me] FZ Re-DocREDS TZ& thgd 2o, $4 7 A2
gle BB g 2E(list)olth. Z A= title, sents, vertexSet,
labels 715 7HA& 944 gl (dictionary) ol th. title2 A9 A1 &&

- 18 - : i 1”«:1
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Re-DOcRED [:> | sentences | entities | labels

### Instruction

Determine the relationship betueen
entity A and B, which are denoted
by <entityA>A</entityA> and
Input Prompt <entityB>B</entityB> in the
sentences.

A relationship can be one of the

@ compare

LLaMA-7B

U

According to the sentence ‘Anthony

following:

Maitland Steel ( 21 May 1920 - 21

Output Generated | 7" 2000 ) vas an English actor I:‘J> I "date of birth" | Label Guessed

and singer ', the relationship

between entity A and B is 'date of

birth"

2+ 98 A At 9 ZEIeE AR, 2) oF dew LL
aMA-TBol 9483 9AES A4en, 3) A4 HiEaE BAS 239

train 2% dev ==&l test 2~Z8l
A F 3,053 500 500
b 3 7.9 8.2 7.9

o
=X
riy
3

28.1 34.6 34.9
19.4 19.4 19.6

B A |

ot
=
=
_)Lr

¥ 3 Re-DocRED Z 2Z8 ¥ EAF

el = E449 (string)©lth. sentse 459 g 2ER Ho] it}

19 - , ,H 2-r}| &k



7t #32 EAvol Z(tokenize) © Tol(EZ)EQ g 2ER Hof 9]
t}. vertexSet2 (VAY F&& T3 F&9) MAEY g 2Eoth. R
e-DocREDd &= ©|¢} Zo] MAES Ao F&3t A Fstan o=
2, 372 A &5 & 28+ gtk o v A A4 U

d

oAy XA g RHoz EA4T = Jo2Z(ex. the U.S.A, "th

i

e United States of America’, "‘America” & BF 22 /4= 9n]
gtt}) vertexSetd] 7t &2 EA A9 5 E&F(name)# 57 91X

=

(sent_id, pos) &
o 2 labelsol+=
A7 He 27 °

t}.10)

[>
m

el = g4y el &9 2 2 Heo] o, A
Aol EA3ts ZE #AE(h, t, ) I #A <
dl~ (evidence) 7} 929 P2 A= 9l

f o

—_

.

T X
s mH

glo] Re-DocRED® Z3gxo] 9lom gre

< W, FH=(precision)& Edo] g ZE #A
go] e Fg #A EE 2 Asdth A& (recall)
REDS &= Fd #A4 EgZ 4+ dv] Bdo] 2t Jd A4 EfE
g F2 ALEY. o]EA A FH=e} AHES o83 Fl AFE

Axtd 5 3un

Precision = ™ = Lol e Ay wA EgEE
TP+ FP l?_%_]o] ;% ,é_ _?_]_74] Eﬁl%‘“ﬂ\ ‘/'l:
Recall = — 0 — Fdle] 22 Aw ¥ Esdl 7
TP+FN A A EdEY &
F1 score = 2 X Precision X Recall

Precision + Recall

2] 1 3 Y% (Precision), M&A&(Recall), F1 A4 (F1 Score)

10) test 2=Z8le] A% labels 7)7} &A8H4 Z=

- 2] 21



ofu) mule] Fe Ay EEY F YVE A F train £E3d &
2ol ZAE), Bale Foix BAS By BAE 2e A oha g%
3% 5 A% B 2 Z9E oA AAdew g A

ol 9t} Wb mde] 2

EZA5t= & ERZHUS & A A A Leta F1 A4S +¢ &
At} train &2ZFel| F2o] EAst= A ETZHU S ALt A4k
HAUEE ignore FE = (ign. precision), ignore AR EE o] &3 A4t

3t F1 A4% ignore Fl(ign. F1) A8 3ot

2 AFo| = Re-DocRED train 223 ws B g3k 2 S
(o]l /M=ol &) Re-DocRED dev &2Zglo|Ae F1 A4S 9]
&3] 5 HrlskA.

Al 3 A 7Ivk A 4o =9 : LLaMA

04?-01]*1% T 2d T /Mg F8 deel £9x ¢#X LLaMA

E A do] md &z A& LLaMAE Meta Al9lA 20234
J‘7H?FL causal 9o} 2dlo|t} LLaMA+ % 7B, 13B, 33B, 65B, ©]
A F 4709 WAool FAEAT. ® 45 LLaMA 2 W& ¥ sfo| o g}
2 EE e Aot}

AW o] 2d g o8 LLaMAE the 7t o] o] ot
Ao AR gyl AHgste BeAE T TMHLE ALE THed BeA
= =ot 140<>q el E2SR o] oA shte] Antd deAE Us

% gttt & 5 LLaMAZF AP 5ol
*}%?‘L ‘3—:}%5401] Z3E BRAES] EF 1 FS HYe Aot}

Ad o] mdo] 2 AH% Meta AIE LLaMAS v 38 &
Al (reasoning problem)d] &l A&3] Hu O 5 Radtt. & 6

~ 91 - "':l‘\-_i _'\a.:.'\-'_'l' |



A 4 A 2d 35

of ThoughtZ&

S o189 ANAG 0

g3l A AFY AYORE

Serel Thsstl @

2 EAo i3l zero-shotlo = AF-&-3)

LLaMA-7B | LLaMA-13B | LLaMA-33B | LLaMA-65B
mf7f RS 6.7B 13.0B 32.5B 65.2B
ey
| 4096 5120 6656 8192
head < 32 40 52 64
golo] 32 40 60 80
£ 4 LLaMA Z} ¥ ¥ 3fo] ¥ 3}-2tv E
LEA] 7] H &
English CommonCrawl 3.3TB 67.0%
Cc4 783GB 15.0%
Github 328GB 4.5%
Wikipedia 83GB 4.5%
Gutenberg and Books 85GB 4.5%
ArXiv 92GB 2.5%
Stack Exchange 78GB 2.0%
E 5 LLaMA AX3tsy 283 Ul 283 H&

(R
=



LLaMA-7B | LLaMA-13B | LLaMA-33B | LLaMA-65B
BoolQ 76.5 87.1 83.1 85.3
PIQA 79.8 80.1 82.3 82.8
SIQA 48.9 50.4 50.4 52.3
HellaSwag 76.1 79.2 82.8 84.2
WinoGrade 70.1 73. 76 77
ARC-e 76.7 78.1 81.4 81.5
ARC-c 47.6 52.7 57.8 56
OBQA 57.2 56.4 58.6 60.2
COPA 93 94 92 94

£ 6 4 LLaMA WA @ g3 F& A A& Hs

A AALE vl A2 (Instruction Tuning) AAAFY U4 2% (Inst
ruction Finetuning) (43]o]& At Ao mdo] AREA7E dH g A A

A}3} (instruction) o] @l (zero-shoto®) AAS FHS YAE=
2% ete Wolth. AAAME nA R S FIsiE e Rdax 2
2l ¥ =AY I o]t FE Aes g F o A du

N
>
>
ot
=z

ANzHE F DA o Folth, $4 nAzEEE A 0
stoh. ag]a 53 diolE AlS o] &, AMH S uel F
(causal language modelling) & ©] &3] At) o] =y

)

tlo o,
o o

o ]

oy o
> o
ol J{N'

L
ne

i
o

(.

X

S
o wjw
D

3 " A
- 923 - -"\._E '|.'1_.|
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1 Bz 23 8L o

A 7ts

HolEt

### Instruction:

Determine if the given comment is positive or ne

gative.

I love this movie!

### Response:

The given comment is positive.

T
A

1
s

A

]

7

& A oA
14 9ls 2

9

ojy

2 9

A A ARG Bl A 2%

Eiisg

e

tlelg Aol

o
T

|

uj

£E

12l
2|

(concatenate)

1

Rl

causal lan

A7}, 2] 2& cau

o
uj

2=
=]

Tor
ol

guage modelling

sal language modellingS ¢

of

ol

|

ol

o] \peAl #Hr}.12)

H

o] A=<y dlo]

o] =
=290
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1 n
i=1

(%I: {‘rl’ Xy, xn}'t—; }\]%i\‘%‘, x<i't_; Xy, Xy, 7, xhl’g Fﬁlu]?}j—q—)

424 2 causal language modellings 93 &4 I+

AR G A2 2 A do] Rde] wifAsE AR Juo]Eg
The Aol A inEE AAYA G} FEHT, 3 A AIALE vl A 2% &
2 Fxo oug AL 7telA] &a ojw gk dAo A= (AP g

& wo}) 5L &4 3 (causal language modelling) & AH&-3thE=

HolM, mde] T2E WAdL HAe] wet e £4 F4E g
ARG A 2 herheel ) v 2y R PRE

Chain of Thought Chain of Thought(CoT)[(27)%& A &3 ==
TEEZ Fo A Ao Rdo] AAE AEAE (step-by-step) A ZHs}

o AstE= Frote ZEZE Yoy sHo|th. A o] nd
< Eolo oAy At e B FE A4S & X ERed, Chai
n of Thought& AH&3IH EJ3 F2 EAloAe Heg HgHdez
=4 F 3

gk helE| gl obe 23709 AFEE HA I AT A S vHEY] flE 2
07/ E AH&staL, 6705 F7t2 Feidohd, dA & 2 7H9] AHaE 7HA
3 =717 (The cafeteria had 23 apples. If they used 20 to mak
e lunch and bought 6 more, how many apples do they have?)”

—
v
4
1
—
o
rbr
(]
i
5
fr
@
~
)=
O]
b
j=
<
w =
=)
(1]e]
i
X
Mo
Y,
S
N,
Al
o
oL
o
%
oy
2
v m?i

-~ 95 - M L-1



Q. Roger has 5 tennis balls. He buys 2 more ca
ns of tennis balls. Each can has 3 tennis bal
1s. How many tennis balls does he have now?

A. The answer is 11.

Q. The cafeteria had 23 apples. If they used
20 to make lunch and bought 6 more, how many a

pples do they have?

o
o)
T
)

A. The answer is 27.

inss
JE

|
it
|
fm

Q. Roger has 5 tennis balls. He buys 2 more ca
ns of tennis balls. Each can has 3 tennis bal
1s. How many tennis balls does he have now?

A. Roger started with 5 balls. 2 cans of 3 ten
nis balls each is 6 tennis balls. 5 + 6 = 11.

The answer is 11.

Q. The cafeteria had 23 apples. If they used
20 to make lunch and bought 6 more, how many a

pples do they have?

o
12
T
)

A. The cafeteria had 23 apples originally. Th
ey used 20 to make lunch. So they had 23 - 20
= 3. They bought 6 more apples, so they have 3

+ 6 = 9. The answer is 9.

29 9 Chain of Thought <A
w] o}z ¢} o] chain of thought 7]
ASHH A Aol e 8 H5S

g

,26,




0] EAE 27 9l 2™ 99 9 #9 Zo] 1-shot TEZEE FA T
UTH SHAIRE o] ZEZEE AMGeH Bdo] ARH F& EHole 7
© 7} gt} A u Algo] ojE S EAE = o) o] =7 9AZ A
b2 Azbels AAT, 29" 99 ol iE Ho| FAE F= T
s BAGES ZEZES WEo] FU AHES =Y 7 dn o™
Hog RIS FASE AL Chain of Thoughtzt 3o}
Chain of ThoughtE AW <o Rdle] F2 A5S =4 F AgE
F B ooty mdl/AA e FRol gagle]l A A8 ¢ d A
Aol rele] 29 ZAE & F Idvhe -l dvt

A& AXNAY vAZH & HolE M FF AHTF-ZFIE-4
= g td o2 LLaMA-7BE ©]43] Re-DocREDE Z7] fldlM+&
w7 BAE A EAE vpgol @ ol & fa A B4 W 54 N

1
A Aol FAHES W, 28 107 2L JHE ZEZEZ FAIT

A¥ TEITEE instruction 9 (### Instruction), input 4 (

### Input), response < (### Response), ©|Z27] 379 o=z

TAE}. instruction G E A F5 Ao g AW Re-D
ocRED®S] A TFES ZF JH3td Al 0401 2do] Ao thg &
T olalE & F A=E gr. ol A= ofFd AATE fle MA Aol
A EUS W= #A7F 91tk (no relationship) = #ol &8 &84 &
UEF sl S HAA Aol "AgT. input FHANE 4 FF
BA FE2S AP FA o] E4E(Sentences) I A =5 & FE&
gt A (Question)= st ol AHE A el A4 W 9
A& XML H Z(<entityA></entityA> <entityB></entityB>) 3
B2 At Rdo] = AE & F U=RSF g

23 dge 19 119 2 gu= wED A A #A 24

flo

- 97 - .-:'x—i -“:‘-:-'l'.: [



### Instruction:

Determine the relationship between entity A and
B, which are denoted as <entityA>A</entityA> an
d <entityB>B</entityB> in the sentences.

A relationship can be one of the following:
head of government, country, place of birth,
o [HEE FEE %67He A FF

If two entities are not related, please select

no relationship'.

=)

|K
ot =2
m

### Input:
Sentences:
[HAE F2St1E JHAHE <entityA></entityA>, <en

tityB></entityB> AEIUZ ZOHEISH 2]

Question:
What is the relationship between entity A and B?

### Response:

238 10 Re-DocREDE 9% 8 ZTEZE FZ
HeM gl e BRSO G uyoln, 254 g A2E7 e FES o] Fonith

Hh A ALt

e 2
N
2

tH(no relationship)
= o] ez 53
Re-DocRED train ~Z3 2] "Ministry of Home Security &4]<lA

“John Anderson @ "British” 79 #AZS E7] 93 98 Zz2xE-=

- 28 - ) \ -.:E



The relationship between entity A and B is '[&

Al

Ly
)

L
7R According to the sentence '[Z7{ E&]"', the rela

tionship between entity A and B is '[ZtA]"'.

23 11 Re-DocREDE 9% &8 7|dA3 &

Ao A e BHBEO A p oy, 22N HAET = HES o 2onjrt

— ©° =
vl A ALg-3T}, whek A BEFo] F 74 chain of thought 7| & &

olwf £A Wl 7hs3t BE BA AE] ZFoA, TS B4 A2
|7} ¢l=(no relationship) *%°]t}. no relationship A2 <

= -=9 7193 o] dloly Ao Ui Zo| ¥x3tyH AgH (b
iased) Hlo]E Ale] ®th. wabA dlolg Al #32 93] no relation
shipo] 7HA| A5 5 dFRES F49 F= AHESTh B RddA=

A7 A8t AA A 2] 3819] no relationship A AS &
el ARt TH.13) #AZE EA st WA 4 tiH] 2 8] no relations
hip 7HA 42 A8 AAA = stelH g2t E (no_rel_rate) = A%
Ela=

LoRA LoRA(Low-Rank Adaptation)(51)& At <lo] mde] 1
Az ol Eol7be I A1 ¥ 85 Aadstr] fal, Ad Ao 24
of AA A FE Jullo]Este Aol ofy e (HA wAl x4, full finet
uning), AP EEE AN SE QU ESIA 2l (freeze) oElA A4t

A

9] 7]’?x] FE(w, W, W)= Az £l (low rank decompositio

13) no_rel_rate=3% w6 & 271,232719 948 Z=2ZE-Z8 7|4zl B
dlole Alel 3t}

- 29 - ] 2-1



h € R‘nXd

A 9P A3

SEEERT,

x € RnXd

23 12 LoRA
LoRA AR EEHE mi7fH+E U0l ESR] & (freeze) oA @ike] 713X
AW, W,, W)= A4 £33 (low rank decomposition) & w0l

Edlo nAxg e FAste Polth
n) ALY JuolEdt] nAzg L S ot
FAHoR ApdEgE 239 FE W, eRVPE NMEA R 7AE FC
layer7} glcha &) Bab. vlAlzgold w2y & a5 dolEl Al o)
# =2 G Hrskste HEH wE 2 Fgold B U

W= W,+4W

1} ERY*7, AR (, r<d, k)2
Az Ealetd, nAzY e o e ez vehd 4 9l

o
=
N
b
[\
B
v
Ll

)
I
P‘_l'.
i
S

= [ A=



LoRAE AH&3tH theket o] ok, mAl 2% oA ngd o)
ol that FElrtol A AE (optimizer state)s= w229
Fa7t gleB g, LoRAE AHESHH VRAM A& A v
thu] 1/374A] "Wojed &= it 14) w3 ALAStEE ujpd
EYx gonz mdo myfHFE AFE = Akl
ol o], LoRAE AME3sHH miA A e mdS A
W e A B AR RS 10,0008
a5ttt LoRAR wAlZ=% g o] AA| uf7
I (W= W,+BA) A% F= 3lo], g2 uAzx3 7Hﬁ ‘%}% o] A A
Al (inference) «r7P A Aol 8 glo] £x7} w2t
AT 2de] o R A= 1%
gy LE(gradlent)’é Al At w7
L& whepxict 16)

N
==

il
[l
ox %o
oL o

e BN

B

in's
=

e 3 e (&
o
s

2
ol
0
£ i
2
2

sk

==

A z3

L

-

rE e
m

b

e -

X

Xl

[

(

=
e, g Al A

95 o]
el 27b g o] g

I T

14) GPT-3(173B)9] 4%, AA wlAzg Wpozt 1.2TB] VRAME Al
&89 A< 350GB7A Wojm=d % g}

15) GPT-3(173B)°] %, 350GBS] A% &3t& Ab&std Al z% 24 A
A ¥ E(model checkpoint)e Z7|E 35MB7IA &Y€ & It (r=4,
w,, W, dE A Bl A5 & RS AA AHEsH] s A

2E 100 x 350GB =35TBe A& #7te] I
LoRAE A}&3lH 350GB + 100 x 35MB =~ 354GBY A& &7tk g9lo
\4 %Iil—.

A Al

16) GPT-3(173B)9] 7%, A wAlz=d ¥R thH] LoRA AH& Al oF 25%



A& : LoRAE o] &3 AA AR} njA£% LLaMA-7B Zd< 7|
Azgsteld o 2 VRAME 7kl GPUZF 288ttt 1) & 77} 5
FE HAFH 274 (NVidia A6000 48GB x 1)9A = LLaMA-7BE A
A\l ZF (full finetuning) @ 5 §1719 LoRAE A&t Huggin
gface®] peft gtolB B E ©]&, »=8, a=16, pyopo =005, W, W,

dlste A o2 LoRAZE ZHE38l 1 epoch™F A AIA

e M 2o e o
o 0
*o ol
it ro\| -
T
i

£
o
)
Ay
e
N
i)
o
o
BN
it
n
>
=
ol
2
(o]
9
T
2

828" €8 Re-DocREDE Z /WA 59 FAH(part of speech
tag, pos tag) FEZ A F3}. train 2Z8le RE #AAV} EASE

WA sl FAF 2F HEE 22 5, Aod A e FAF 2%l A

=
I

9]

1%
ojy
>

&5 ol

2o

ry

17) LLaMA-7B 29 <% FE2(inference) £ 22 Al&3tei™ =k 28GBY VR
AMe] Za3stth(float32). floatl69 FEEE 20 = 14GBS VRAM
| dosltt, BAA0R g5e falAe 8 A Zadk vrge 3] + a
(dlel8 batchd #g wWxe)7t Bosttty 44 Aok, 5 LLaMA-7B
dS stEAl7lE W ek 84GB/42GB + a2l VRAMe] Z g3lthe @ol

2 =
2, o] FEe] WEe P A AEAE GPUZE 498 F gt Ul
o}

o

il



o A 24T F gle 289 245 ZHY

ot

=

H2E A dod EA9 A S el 28 103 Zo] 93 =
a1, o5 Mz E Rdd (Hsle dAEE YA

A & A=k (greedy strategy)= AF&3stal, (EO

B 3 i Expr EEEAY Hd A BEE S A =95t

}—l
ofN
)
o
H
m
‘—I
QL
r—'-
H.
o
=)
()]
=5
H.
°
2
3
%
N,
&2
uls
v
g
>
o
H
m
‘—I
[\7]
r—'-
H.
o
=2

the relationship between entity a and b is '(.+)"'.
a9 13 B 234
A2 w9 At

2 #3290

mdlo] A HAES BT A&

2

A4 2 ol &l B

1 M
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K

o

A 1A AR AEA

o)
o

T
Jo

il
3,

s &

2d 9 A4

49 1.

b
T
O

K
o

Re-DocRED dev =Z 8o tj

Axkgeh, A A o

=
T=

2=
=

ignore F1

F1 A4, ignore A2 &=,
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2, Re-DocRED dev A2Z8lo] Z} A o

o (labels) ¥ tj
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=

A A Ak m Az e 73

f oAl =% e &3 39l
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A8 2. AAAL
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o}, FAAReR, Y 149 22L& 2-shot Y

=2 Re-
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s
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DocRED train &2ZdoA T2 =

AA A A2 S
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]
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### Instruction:

Determine the relationship between entity A and
B, which are denoted as <entityA>A</entityA> an
d <entityB>B</entityB> in the sentences.

A relationship can be one of the following:
head of government, country, place of birth,
L [HER FEE %ML A BR

If two entities are not related, please select

no relationship'.

### Input:
Sentences:
[Example #1 &A]

Question:

What is the relationship between entity A and B?

### Response:
According to the sentence [Example #1 &7+ &3&1],
the relationship between entity A and B is [Exam
ple #1 ZA].

### Input:

Sentences:

,35,




[Example #2 &A]

Question:

What is the relationship between entity A and B?

### Response:
According to the sentence [Example #2 &7+ &3],
the relationship between entity A and B is [Exam
ple #2 ZA].

### Input:
Sentences:

[Query &A{]

Question:

What is the relationship between entity A and B?

### Response:

a9 14 4% 28 9% 948 ZTEZE 2
ARG 2 o] aFE ERlst] fal, 99k 22 2-shot ZHZEE T4
2]

A2 ST B 24 QA3 %S FAaT ged 8a

o g =
to o X
M

olr

-l (|
0,
%
)

A3 4. AE3 no_rel rate & B HZAH3I no rel rate = B

:l'l ! -1
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AM3l7] 918, no rel rate FOE 1, 3, 5= A}&3 zlAsz} H| Al 27

¢

A3 5 AFET =9 2d no_rel_rate=022 sto] BA 7} =A)
= JRAl 3k o] &3] A AALE n A xS 33 LLaMA-7B Rd S
ol &all, TAVF EAste A AHE Yo YAS w 2 AAES I}

U} 284S 8908 Bk

A2A A8 2% 2 BAY

A3 1. 299 A% I & 7S vwAZYE LLaMA-7TB 295 R
e-DocRED dev 2Z8lo] AL S o] AS5S HolFErh, E AFA]
AdE Yoz w50z mdo] 52 & SotAo] HldIA oz}, 3

5]

AR 2 Ao el Ak dlele] A 9 ok Wy A

_]
=

v pue | gae | @ | B | len
AU & F1
Aot md 0.55 0.41 0.47 0.51 0.46

DREEAM (SotA) 0.89 0.69 0.78 0.87 0.77

ET743 14279 2d H%
A WA P& A2 E LLaMA-7B 2492 Re-DocRED dev 2Z3ld| & &
S e Fss vebdoh F WA d2 20239 A SotAQl DREEAMI(28)
< Re-DocRED dev 2=Z3lo| A& & wjo] &S ekt
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<entityA>Anthony Maitland Steel</entityA> ( <ent
ityB>21 May 1920</entityB> - 21 March 2001 ) was
an English actor and singer best known for his app
earances in British war films of the 1950s such as
The Wooden Horse ( 1950 ) , and his marriage to Ani
ta Ekberg .

He was described as " a glorious throwback to the
Golden Age of Empire ... the perfect imperial acto
r , born out of his time , blue - eyed , square - ja
wed , clean - cut . "

As another writer put it , " whenever a chunky dep
endable hero was required to portray grace under p
ressure in wartime or the concerns of a game warde
n in a remote corner of the empire , <entityA>Stee

1</entityA> was sure to be called upon . "

According to the sentence '




f birth'.

the relationship between entity A and B is 'date o

According to the sentence '

the relationship between entity A and B is 'date o
f birth'.

a9 15 A AR 1

2l2] ‘Anthony Steel (actor)” T thal njAl 23 =
LLaMA-7B Zdo] g3t el ~E w7td2 head /NAl, &AL tail 7HAl,
st 24 B, 254 AAE uiditt. Bdo] FI3 A B 76k

KN
3l = JHAl P BAE g FEF Ae = 5 U

Re-DocRED dev =&

— =

a8 162 2do] F A 7 #Al= F&e] FEIAR, 2 ==
Stif ZEA| X3 AlEl S HolET

oY The Sacramento Bee is a daily newspaper published

in Sacramento , California , in <entityB>the Unit

-39 - ] -":r'\.\_i :‘ir 1_” X



ed States</entityB> .

Since its founding in 1857 , The Bee has become th
e largest newspaper in Sacramento , the fifth larg
est newspaper in California , and the 27th largest
paper in the <entityB>U.S.</entityB>

It is distributed in the upper Sacramento Valley ,
with a total circulation area that spans about : s
outh to Stockton , California , north to the Orego
n border , east to <entityA>Reno</entityA> , Neva
da , and west to the San Francisco Bay Area .

The Bee is the flagship of the nationwide McClatch
y Company .

Its " Scoopy Bee " mascot , created by Walt Disney
in 1943 , has been used by all three Bee newspaper

s ( Sacramento , Modesto , and Fresno ) .

According to the sentence '

', and '

,40,




', the relationship between entity A and
B is 'located in the administrative territorial e

ntity'.

According to the sentence '

', the relationship between entity A and B is 'lo

cated in the administrative territorial entity'.

ad 16 AF AHH 2
Re-DocRED dev 2Z3 9] The Sacramento Bee EA]d] &l mlAz=dd L,
LaMA-7B 2dlo] At el ~E w72 head /WA, It tail WA, st

SAe 27 B, 254 $AE guath wdo] F AA 3 wAE B
ZEYAW, 2A BEL s 2A 2@ S HolF

L

a9 17, 18, 19¢ & A9 ndo] AgS FE3t=d A3 Al
55 BoFEn. a9 179 AtdloA 2d-&e 7l A “Schizoanalysis ¢+ 74
d] “Gilles Deleuze” 9] #AE “creator & F3 AW Re-DocRED

i

=

o= F 7/IAl 1+ FAZE EA5HA] &= Ao E Hol Sl AT FA4 <]
A WA 74 "Schizoanalysis (; schizo- from Greek oxileiv skhi

zein , meaning " to split " ) is a concept created by philoso
pher Gilles Deleuze and psychoanalyst Félix Guattari and fi
rst expounded in their book Anti - Oedipus ( 1972 ) ."& HH
“Schizoanalysis 8= Nd& # &} “Gilles Deleuze ol 93] &%
ta Hol e A& = F vk °l& Re-DocREDE] #ol&d <] 2%

To] St False Negatived Ald o]t}

- 41 - Al ‘_'.]i o



<entityA>Schizoanalysis</entityA> (; schizo- fro
m Greek oxilewv skhizein , meaning " to split " ) is
a concept created by philosopher <entityB>Gilles
Deleuze</entityB> and psychoanalyst Félix Guatta
ri and first expounded in their book Anti - Oedipu
s (1972 ) .

Its formulation was continued in their follow - up
work , A Thousand Plateaus .
<entityA>Schizoanalysis</entityA> acquires many
different definitions during the course of its de
velopment in their collaborative work and individ
ually in the work of Guattari .

In Chaosmosis , Guattari explains that " rather th
an moving in the direction of reductionist modifi
cations which simplify the complex " , schizoanal
ysis " will work towards its complexification , it
s processual enrichment , towards the consistency
of its virtual lines of bifurcation and different
iation , in short towards its ontological heterog
eneity " .

The relationship between entity A and B is 'no rel
ationship'.




2dl | The relationship between entity A and B is 'creato
AE .

ag 17 & A 1
Re-DocRED dev 2Z 8 9] ‘Schizoanalysis’ ¥4 ths] mlAlZFE LLaMA
-7B Zdo] A grE WMo head /A, FEAMLE tail HA, 254
BAE on|dltt, »d & A “Schizoanalysis™®F 7HA| “Gilles Deleuze” 79
FAE “creator'@t FHAAIT Re-DocRED+= 5 7HA] 3+ #AI7E EA 1A
e Ao Hof U

a9 189 Atdl oA =2 JRA] "Toronto ?F "Roadhouse” 7+e] &4
7} “located in the administrative territoral entity @ F&3 X1,
Re-DocRED®l|&= F WA 1t #A7 EAl8kA] &+ A2 o St
AR B2 = HA 4 “Four of the album 's tracks were rec
orded live in front of audiences , two of the live tracks at
the Islington Academy in London , and the other two live tra
cks at Jeff Healey 's Roadhouse in Toronto ."E HE ™ Jeff Heal
ey2l “Roadhouse’”} “Toronto @l Y3l Atta ol A& AS £ 5
ATk AT = WAl E49] "Roadhouse’ = Re-DocREDE] 714 &5
of xgxo] A &l o]= Re-DocRED2 7MAl = 2 deo]Ed 9]
Zr5r]o] WA= False Negative Ab#lo|th.

A Mess of Blues is an album by Jeff Healey .




It was released in 2008 less than two weeks after
his death and just three weeks shy of his 42nd bir
thday .

Four of the album 's tracks were recorded live in
front of audiences , two of the live tracks at the
Islington Academy in London , and the other two 1i
ve tracks at Jeff Healey 's Roadhouse in <entityB>
Toronto</entityB> .

The other six tracks were recorded at Studio 92 in
Canada by Norm Barker and Richard Uglow .

The whole album features the band which normally a
ccompanied Jeff at his club , Jeff Healey 's <enti
tyA>Roadhouse</entityA> .

The song " Mess of Blues " , which appears on the a
lbum was written by Doc Pomus and Mort Shuman and
was originally recorded by Elvis Presley .

=% | The relationship between entity A and B is 'no rel
71903k | ationship'.

2d | The relationship between entity A and B is 'locate
A4 | d in the administrative territorial entity'.

I 18 &F AHY 2
Re-DocRED dev 2=Z89 Mess of Blues (Jeff Healey album) &4l th
3l PlAl 2% E LLaMA-7B Zdo] B3 B 2~E W32 head WA, o4
< tail A, 2L AAE grjdtt. 2d2 /A "Toronto' ?} "Roadhous
e’ Zte] #AZF “located in the administrative territoral entity @ F23)

A%k Re-DocRED = F WA 7+ @A 7F E2A81A] &&= Ao & o] gt}

a3 199 AtdldlA a2 JlA "The Sacramento Bee ¢ “Sacram
ento  7te] #A 7} "headquarters location @&t F&231% %t Re-DocR
EDolA & "location™] & Fo] v}, kx| wt E42] A WA E% "The S

acramento Bee is a daily newspaper published in Sacramento ,

— 44 - A . !_' .-



California , in the United States ."E 2™ "The Sacramento B
ee 7} "Sacramento oA L1tE = AlEelga Hol led, dutEd A
2o H]Fo] & uf o] T2 "The Sacramento Bee 9 EX7} "“Sacra
mento #Fe W3} =AU wolat B 4= 9t} ol: BA 23 As) BA
Ho B2 FF HA7F ofY 7] %“23‘5}% False Negative Al o]t} # ]
EEZA AMEE D e 7 BAES AR dee ool de, oA
F 2AY #el &l oY, B "location ™ "headquarters location”
S A3 fFelol2A, Abgre]l 'ERE dlE AdEel = AR e
dolgEeltt. Ad #A EYEFY S FEot=

A=A A
£ Ale 7189 B A2 olfl AHEHE %] 18 5 gt

<entityA>The Sacramento Bee</entityA> is a dail
y newspaper published in <entityB>Sacramento</e
ntityB> , California , in the United States .
Since its founding in 1857 , <entityA>The Bee</e
ntityA> has become the largest newspaper in <ent
ityB>Sacramento</entityB> , the fifth largest n
F-A] | ewspaper in California , and the 27th largest pa
per in the U.S.

It is distributed in the upper Sacramento Valley
, with a total circulation area that spans about
: south to Stockton , California , north to the O
regon border , east to Reno , Nevada , and west t
o the San Francisco Bay Area .

- 2] 21



<entityA>The Bee</entityA> is the flagship of th
e nationwide McClatchy Company .

Its " Scoopy Bee " mascot , created by Walt Disne
y in 1943 , has been used by all three Bee newspa
pers ( <entityA>Sacramento</entityA> , Modesto
, and Fresno ) .

=% | The relationship between entity A and B is 'loca
7] A gk | tion!

According to the sentence '

', and '

', the relationship between
entity A and B is 'headquarters location'

a9 19 2% A 3
Re-DocRED dev 2Z32] The Sacramento Bee &l ] njA =4
LLaMA-7B Edo] A g ~E Wt2 head WA, &AL tail WA,
ZE2ANS AAZS on|dtt, 2d & 7fA “The Sacramento Bee 9t “Sacrame
nto” k2] #AI7} "headquarters location |2t F23 A7, Re-DocRED¢®I
A& “location’o] gt Fo] St}

AE 2. AANAE A AR B QA AAA rlA| 2% o] 2 9

ol drtyg S PA A E Ela Btk E 8 A XA HA|

Z3S 34 &2 LLaMA-7B, LLaMA-13B 2d& o] &3] 2-shoto

2 Re-DocRED dev £2Z3 S FE317 S o 52

Zolth. o] & B A AL leﬂzﬂ & 2o oo v Z IS Ul
o

Azge w

1=
o,
M
"
ox
oX
o
ot

Jm

i 3

8 A A A
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lgpalll



o] £ AW 2 Aol gl Aow el
A 22 BA A o] melo] 7] 49e ol BAlYS AR
we pue | gae | @ | B | len
AU & F1
Aot md 0.55 0.41 0.47 0.51 0.46
LLaMA-7B 0.08 0.10 0.09 0.07 0.08
LLaMA-13B 0.09 0.10 0.09 0.07 0.08

E 8 AY 2 2F : AAAF vAZHY &3
A WAA P& (AAA mAl 23 & 243 At 2de] Re-DocRED dev £
Z3lo e Fos vepdth T ARt Al fA B2 AA AL u A2 & 73
A 2 LLaMA-7B 223 LLaMA-13B 2d& o] 8 6H 2-shot2. & Re-D
ocRED dev &3 F&3H4 d& v 4% Ebi T}

A3 3. Chain of Thoughtd &3} < HA =% & dHolH A&
%S o Chain of Thought Abget= Blo] dnpy folu|eA & &<l
& Bkt = 719 %kl Chain of ThoughtZ AF&3IA] a1
Fias ‘3]"4]7\7&?& Tl ] 1 Ag o] &3l A mA 2 LLaMA-7B
o] 22 F%Z Yeld Foltt. Chain of Thoughte 24 A%

G Aee MAE AT g 5 A

A3¥ 4. 43 no_rel_rate & 3 E 10 no_rel_rate® 1,
3(AIQE 2dl), 55 ARgSl vEE AAARY wA 2 & HolH Ao g mlA
2743 LLaMA-7TB 2499 Re-DocRED dev 2Z &AM o5&
el Aot} no_rel_rate=3% uwje] =g ”*L*O] N ESAE BT
2Tk no relationship 7Ha] o] UF 2om dolgr} HaE 1, Y
H

T Ao no relationship #AE AU ZE 8H53HA] Eole Aoz
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oRe) AUT | Ade | F1 ten. || fem,
Huz | Rl

Aot =9 (CoT) | 0.55 | 041 | 0.47 | 051 | 0.46
no CoT 043 | 0.32 | 037 | 0.39 | 0.35

¥ 943 3 23 : Chain of Thought® &3

T

g
o

Bl

fs

HA P2 (Chain of ThoughtE AH&gH) A<k 2 Re-DocRED dev 2=

of 3t 452 Yepdth. F WA P& Chain of ThoughtE AF&31A] &

< "A 2% & tlolE A& ol &all A AALE mlAl 2% ¢ LLaMA-7B 24
9] Re-DocRED dev ~Z8d tgt 5= YeEldT.

) A= | 4de | F1 Em | e
A= F1
no_rel_rate=1 0.54 0.41 0.47 0.49 0.45
no_rel_rate=3
0.55 0.41 0.47 0.51 0.406
(At 2d)
no_rel_rate=5 0.53 0.39 0.45 0.46 0.42

® 10 498 4 27 : AA3 no_rel_rate g T4
A HA, F HA, A AR P& 217 no_rel_rate= 1, 3, 53 A& BE A
A AL m A 2 & HolE Mo nA x4 3 LLaMA-7TB 222 Re-DocRED
dev 2=EZ3lolA 9] H%S Uehdn

A3 5 AFET =9 2d no_rel_rate=022 sto] BA 7} =A)
st ZRAl 2ol i ARt XA AL ol 2% S 3 e LLaMA-7B =24
dev 2Z=ldA #A7} EA8t= MA kS

< o] &3], Re-DocRED

dEoz dols u 1 #AE gt & FEAE A Kot S
Dol AU =E E7)et AAETS FHIS u 2dof QA& &
g JoEAE s & Aotk ¥ 11 1 27E Vg,
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Ign. Ign.

2d AET | AdE F1
AL F1
no_rel_rate=0 - 0.73 - - -

no_rel_rate=3

0.55 0.41 0.47 0.51 0.46
(At =)

Pl

WA & no_rel_rate=02= st A7 ZA 8
JA AV B 2R S 483 LLaMA-7B 22 < o] 23] Re-DocRED dev 2
EeldA WA 2AGE A BTe d¥o YU e 4% dehan

T WAl L2 no_rel_rate=32 AF&3 A<t Bdlo] HJ5S e

N

X
= 7HA el el ARt
R

=

gk 7}A] o= "HlolH Ale] 9= False Negative WY &% Ut}
A 19 Ao E 3l xo], Ak Rdo] APt QHEES AlHOl
S JFor Hole 9FEC] Btk Re-DocRED”} False Negati
= U3 glAAT oA 3] False NegativeZ} A3l oz HQl

T A ol fE At Bdo] Ado R H #A o] FZ oldE A&t
oA, BA ol F(HolE)e] Y BAE At H FFol UH—E’c
d F Utk dE 9], ¥ “father & IF-(CHA) TS ow|st= #A
= ok‘j(%") YA father ¥AR £FEW < A}, sHA W “father’

VA olERtemE AW o] Edo] o] JHE LV gA ¥

_}L

A WA o] i Foll BaEd AT T A 3 9AA B} e
3 914 @obE, A 9o mdlo] A F /A B WA o
2H #A7E FEAAY] WEL F Uk A o] BAlE Q3] B F
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g o g el =2 AY AAE Ao d=s wd A 209
He ke gt w9 ZhE et g A A, A =4 FE R
“?‘5_‘—?”94 ?_74]7} "9E Y d&ocated in the administrative territor
< ofbF atAl =y Tk A2 AR WA A 2 & 7H AL

HAE Hlud @GR ZA oid F AR T, w B A A&
7}%]_,_ 9)\ A B& AR AT 3’&74]% 5 dod T Ut oA F AMs
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T At B g5 Ao A AFE-gE A AJAF Bl 2% Z Chain of Tho
ught®] B35 F<lstr] fla 23 AHe8atA] &S RdS vE1 A5
= Hlmal] Eduy, 2de] e |

ought’} 83 95 3ta d5S &
A3k slo]H vtghu| B no_rel_rateo] #<S 27] 98 A3 o)A, no_rel
_rate=3<& A&t Aol 7 A4 =3 T AAT(E 10
). v o 2 mdlo] QSRS o] B A, nde] AdE

ol AR YFY FEAA €Y F ST FAFHHE 11
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71E9 AFES A4 FT A FF HAE AR TSE-RAR He
oz £ttt = BERT(3), RoBERTal4) 59 masked <o =4
= 7|9 R R o], B/ HAE F= PR A 7 A FF 4
A5 F Aoth(29](28]). 3HAIRE & A= & AFA7} ol HY W
AMe A4 5 A FF JAE AT EF-ZEZE-4 5 dgd e
F FHxo Aol B AFE causal 9o RS 7wt 2El 2 slo] A
A PR A o WA FEF JAE EJT AW Aol rdo] A
Ay Ede Urta, Al do] 2do] RS o] &3 ke ndlEo]
Hews 259, Al do] Bdg ol &l A T A FEolgte o
= T8 A E AEste AE o Fasit

2 AT AER At ARG G- ZEEE -] 5 e rhe) e 7]

= etk il we gAel dvh $4 MEgel ke gael Uk

RS- A2 vkl A v A AR Qo] BElg

Ystn SAFEE A2 AN Ak, AW ARG TFLE-o| S
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TAE o8] AAHATF(71)
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o 2 3t 7}3et<s (reinforcement learning) < 3te AW o] =y
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HZ 1. Re-DocREDY #A =&/

A
#A ol A A4
1D
head of the executive power of this
head of ) o
P6 town, city, municipality, state,
government
country, or other governmental body
sovereign state that this item is in
P17 country

(not to be used for human beings)

most specific known (e.g. city
) instead of country, or hospital
P19 | place of birth ) ) ) )
instead of city) birth location of a

person, animal or fictional character

most specific known (e.g. city
instead of country, or hospital
P20 | place of death | . ) )
instead of city) death location of a

person, animal or fictional character

male parent of the subject. For

P22 father . ,
stepfather, use “stepparent” (P3448)
female parent of the subject. For
P25 mother stepmother, use “stepparent”
(P3448)
the subject has the object as their
spouse (husband, wife, partner,
P26 spouse

etc.). Use "unmarried partner”

(P451) for non—married companions
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country of

the object is a country that

P27
citizenship recognizes the subject as its citizen
) continent of which the subject is a
P30 continent
part
that class of which this subject is a
particular example and member:
different from P279 (subclass of): for
P31 instance of example: K2 is an instance of
mountain; volcano is a subclass of
mountain (and an instance of
volcanic landform)
official with the highest formal
P35 head of state o
authority in a country/state
seat of government of a country,
P36 capital province, state or other type of
administrative territorial entity
P37 official language designated as official by
language this item
o subject currently or formerly holds
P39 position held ) o ] ]
the object position or public office
subject has object as child. Do not
. use for stepchildren—use "relative”
P40 child

(P1038), qualified with “type of
kinship” (P1039)
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main creator(s) of a written work

(use on works, not humans): use

P50 author o ] )
P2093 when Wikidata item is
unknown or does not exist
P54 member of sports teams or clubs that the
sports team subject represents or represented
_ director(s) of film, TV-series,
P57 director ) o
stageplay, video game or similar
) person(s) who wrote the script for
P58 screenwriter

subject item

educational institution attended by
P69 educated at )
subject

person(s) who wrote the music [(for

P86 composer o P ,
lyricist, use “lyrics by” (P676))

the political party of which a person
member of ) )
P102 is or has been a member or otherwise

political party
affiliated

person or organization for which the
P108 employer )
subject works or worked

founder or co-founder of this
P112 founded by

organization, religion or place

league in which team or player plays
P118 league )
or has played in

organization or person responsible
) for publishing books, periodicals,
P123 publisher ) )
printed music, podcasts, games or

software
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P127 owned by owner of the subject
the item is located on the territory of
) the following administrative entity.
located in the o )
o ) Use P276 for specifying locations
administrative o )
P131 o that are non-administrative places
territorial )
) and for items about events. Use
entity . . .
P1382 if the item falls only partially
into the administrative entity.
creative work’s genre or an artist’s
field of work (P101). Use main
P136 genre ) )
subject (P921) to relate creative
works to their topic
person, profession, or organization
P137 operator that operates the equipment,
facility, or service
religion of a person, organization or
P140 religion religious building, or associated with
this subject
contains
P150 administrative (list of) direct subdivisions of an
territorial administrative territorial entity
entity
immediately prior item in a series of
which the subject is a part,
preferably use as qualifier of P179
P155 follows ) .
(if the subject has replaced the
preceding item, e.g. political offices,
use ‘replaces” (P1365))
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P156

followed by

immediately following item in a
series of which the subject is a part,
preferably use as qualifier of P179
(if the subject has been replaced,
e.g. political offices, use "replaced
by” (P1366))

P159

headquarters

location

city, where an organization’s
headquarters is or has been situated.
Use P276 qualifier for specific
building

Pl161

cast member

actor in the subject production [use

“character role” (P453) and/or "name
of the character role” (P4633) as

qualifiers) (use “voice actor” (P725)

for voice-only role)

P162

producer

person(s) who produced the film,
musical work, theatrical production,
etc. (for film, this does not include
executive producers, associate
producers, etc.) (for production

company, use P272, video games -
use P178)

P166

award

received

award or recognition received by a

person, organization or creative work

P170

creator

maker of this creative work or other
object (where no more specific

property exists)
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closest parent taxon of the taxon in
P171 | parent taxon )
question

subject’s ethnicity (consensus is that
a VERY high standard of proof is
needed for this field to be used. In
P172 | ethnic group general this means 1) the subject
claims it themselves, or 2) it is
widely agreed on by scholars, or 3)

is fictional and portrayed as such)

actor, musician, band or other
P175 performer performer associated with this role

or musical work

manufacturer or producer of this
P176 | manufacturer
product

organization or person that
P178 developer )
developed the item

P179 series series which contains the subject

twin towns, sister cities, twinned
municipalities and other localities
) ) that have a partnership or

P190 sister city ) )
cooperative agreement, either legally
or informally acknowledged by their

governments

legislative body governing this
P1o4 legislative entity; political institution with
body elected representatives, such as a

parliament/legislature or council
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country that have drainage to/from

P205 | basin country
or border the body of water
located in or .
body of water on or next to which a
P206 | next to body )
place is located
of water
o branch to which this military unit,
military ]
P241 award, office, or person belongs, e.g.
branch
Royal Navy
brand and trademark associated with
P264 record label the marketing of subject music
recordings and music videos
po72 production company that produced this film,
company audio or performing arts work
location of the object, structure or
event. In the case of an
administrative entity as containing
) item use P131. For statistical
P276 location o
entities use P8138. In the case of a
geographic entity use P706. Use
P7153 for locations associated with
the object.
this item is a subclass (subset) of
that item: all instances of this item
are instances of that item: different
P279 subclass of from P31 (instance of), e.g.: K2 is

an instance of mountain: volcano is
a subclass of mountain (and an

instance of volcanic landform).
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P355

subsidiary

subsidiary of a company or
organization: generally a fully owned
separate corporation. Compare with
"business division” (P199). Opposite
of parent organization (P749).

P361

part of

object of which the subject is a part
(if this subject is already part of
object A which is a part of object B,
then please only make the subject
part of object A), inverse property of
"has part” (P527, see also "has parts
of the class” (P2670))

P364

original
language of

work

language in which a film or a
performance work was originally
created. Deprecated for written

works and songs: use P407

("language of work or name”)

instead.

P400

platform

platform for which a work was
developed or released, or the specific
platform version of a software

product

P403

mouth of the

watercourse

the body of water to which the

watercourse drains

P449

original

network

network(s) or service(s) that
originally broadcast a radio or

television program
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organization, club or musical group
to which the subject belongs. Do not

use for membership in ethnic or

P463 member of ) )
social groups, nor for holding a
political position, such as a member
of parliament (use P39 for that)
) presiding member of an organization,
P488 chairperson
group or body
country of origin of this item
country of )
P495 . (creative work, food, phrase,
origin
product, etc.)
part of this subject; inverse property
P527 has part of "part of” (P361). See also "has
parts of the class” (P2670).
) the place where the person is or has
P551 residence )
been, resident
P569 date of birth | date on which the subject was born
P570 | date of death date on which the subject died
) ) time when an entity begins to exist:
P571 inception o )
for date of official opening use P1619
point in time at which the subject
(organisation, building) ceased to
dissolved, exist: see “date of official closure”
P576 abolished or (P3999) for closing a facility,
demolished "service retirement” (P730) for

retiring equipment, “discontinued
date” (P2669) for stopping a product

-6 - 21
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publication

date or point in time when a work

P577 ) .
date was first published or released
) time an entity begins to exist or a
P580 start time ) )
statement starts being valid
) time an entity ceases to exist or a
P582 end time ) )
statement stops being valid
o time and date something took place,
P585 | point in time )
existed or a statement was true
battles, wars or other military
P607 conflict engagements in which the person or
item participated
characters which appear in this item
(like plays, operas, operettas, books,
P674 characters ) ) ] )
comics, films, TV series, video
games)
Po676 lyrics by author of song lyrics
located on the specified (geo)physical
located on feature. Should not be used when
P706 terrain the value is only
feature political/administrative (P131) or a

mountain range (P4552).
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person, group of people or
organization (object) that actively

takes/took part in an event or

P710 participant process (subject). Preferably qualify
with “object has role” (P3831). Use
P1923 for participants that are
teams.
this person, idea, etc. is informed by
) that other person, idea, etc., e.g.
P737 | influenced by . )
Heidegger was influenced by
Aristotle”
location of location where a group or
P740 ) ) .
formation organization was formed
parent organization of an
parent .. . .
P749 o organization, opposite of subsidiaries
organlzation
(P355)
notable scientific, artistic or literary
P800 | notable work work, or other work of significance
among subject’s works
P8O7 separated subject was founded or started by
from separating from identified object
narrative the narrative of the work is set in
P840 ] ) )
location this location
location where persons or
) organisations were actively
P937 | work location

participating in employment,

business or other work
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the item (institution, law, public

office, public register...) or

£1001 applies to statement belongs to or has power
jurisdiction over or applies to the value (a
territorial jurisdiction: a country,
state, municipality, ...)
product or material or product produced by a
P1056 material government agency, business,
produced industry, facility, or process
P1198 unemployment portion of a workforce population
rate that is not employed
territory administrative divisions that claim
P1336 i .
claimed by control of a given area
event in which a person or
P1344 | participant of | organization was/is a participant:
inverse of P710 or P1923
person, state or item replaced. Use
"structure replaces” (P1398) for
structures. Use “follows” (P155) if
P1365 replaces ) )
the previous item was not replaced
or predecessor and successor are
identical
other person or item which continues
the item by replacing it in its role.
Use P156 (“followed by”) if the item
P1366 | replaced by

is not replaced nor identical, but
adds to the series (e.g. books in a

series).
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P1376

capital of

country, state, department, canton
or other administrative division of
which the municipality is the

governmental seat

P1412

languages
spoken,
written or

signed

language(s) that a person or a
people speaks, writes or signs,

including the native language(s)

P1441

present in

work

this (fictional or fictionalized)
entity, place, or person appears in
that work as part of the narration
(use P2860 for works citing other
works, P361/P1433 for works being

part of other works, P1343 for
entities described in non-fictional

accounts)

P3373

sibling

the subject and the object have at
least one common parent (brother,
sister, etc. including half-siblings):
use “relative” (P1038) for
siblings-in-law (brother-in-law,
sister-in-law, etc.) and step-siblings

(step-brothers, step-sisters, etc.)
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Re-DocRED train 2~Z3 2 "Ministry of Home Security’ 4]°l
A “John Anderson ¥ "British” 7te] #Ao] 3k 48 T 25T E-ZT
7193k oAl

### Instruction:

Determine the relationship between entity A and
B, which are denoted as <entityA>A</entityA> and
<entityB>B</entityB> in the sentences.

A relationship can be one of the following:
head of government, country, place of birth, pla
ce of death, father, mother, spouse, country of
citizenship, continent, instance of, head of sta
te, capital, official language, position held, c

hild, author, member of sports team, director, s

=)

[K
ot =2
m

creenwriter, educated at, composer, member of po
litical party, employer, founded by, league, pub
lisher, owned by, located in the administrative
territorial entity, genre, operator, religion,
contains administrative territorial entity, fol
lows, followed by, headquarters location, cast m
ember, producer, award received, creator, paren
t taxon, ethnic group, performer, manufacturer,

developer, series, sister city, legislative bod

y, basin country, located in or next to body of w
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ater, military branch, record label, production
company, location, subclass of, subsidiary, par
t of, original language of work, platform, mouth
of the watercourse, original network, member of,
chairperson, country of origin, has part, reside
nce, date of birth, date of death, inception, di
ssolved, abolished or demolished, publication d
ate, start time, end time, point in time, confli
ct, characters, lyrics by, located on terrain fe
ature, participant, influenced by, location of f
ormation, parent organization, notable work, se
parated from, narrative location, work locatio
n, applies to jurisdiction, product or material
produced, unemployment rate, territory claimed
by, participant of, replaces, replaced by, capit
al of, languages spoken, written or signed, pres
ent in work, sibling

If two entities are not related, please select '

no relationship'.

### Input:

Sentences:

The Ministry of Home Security was a <entityB>Bri
tish</entityB> government department establishe
d in 1939 to direct national civil defence ( prim
arily tasked with organising air raid precaution
s ) during the Second World War .

The Ministry for Home Security was headed by Sir
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<entityA>John Anderson</entityA> the Home Secre
tary and Minister of Home Security .

The Ministry 's responsibilities covered all cen
tral and regional civil defence organisations (
such as air raid wardens , rescue squads , fire s
ervices , and the Women ’s Voluntary Service ) .
It was also responsible for giving approval to 1

ocal ARP schemes , and providing public shelters

The Ministry ( run under the auspices of the Home
Office ) produced hundreds of leaflets that were
delivered to the population advising on how to d
eal with the impending air raids .

It also managed propaganda poster campaigns to e
ncourage , amongst other things , the carrying o
f gas masks and for volunteers to join civil defe
nce groups like the Fire Guards .

In October 1940 , Sir <entityA>John Anderson</en
tityA> was replaced by Herbert Morrison in a res
huffle precipitated by Neville Chamberlain 's re
signation due to ill - health .

With the Allied victory in Europe the Ministry w
as disbanded in May 1945 .

Question:

What is the relationship between entity A and B?

### Response:
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According to the sentence 'The Ministry of Home
Security was a British government department es
tablished in 1939 to direct national civil defen
ce ( primarily tasked with organising air raid p
recautions ) during the Second World War .', and
'The Ministry for Home Security was headed by Si
r John Anderson the Home Secretary and Minister
of Home Security .', the relationship between en
tity A and B is 'country of citizenship'.
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Abstract

Solving Document-level
Relation Extraction Task
with Large Generative

Language Model

Heekang Park
Interdisciplinary Program in Artifical Intelligence
The Graduate School

Seoul National University

Multiple studies on large generative language models indica
te that these models possess significant 'knowledge” beyond the
ir understanding of natural language. As a result, there have b
een ongoing efforts to utilize the knowledge of large generative
language models to solve various reasoning problems. On the o
ther hand, document-level relation extraction is a task to iden
tify relationships between entities in texts consisting of more t
han one sentence and is essential for constructing large-scale

knowledge graphs.
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In this thesis, we research a method to address document-1
evel relation extraction task using a large generative language
model in the “pretraining-prompt-prediction” paradigm. We util
ize the LLaMA-7B model released by Meta as our base model.
For training, we use the Re-DocRED dataset, which is a traini
ng/benchmark dataset for document-level relation extraction.
The base model is instruction fine-tuned with input prompt-ex
pected output pairs generated with Chain of Thought. LoRA is

used during the training process to facilitate efficient learning.

To validate the performance of the proposed method, we pe
rform various experiments. Firstly, the F1 score on Re-DocRE
D is measured to be 0.47, which is lower compared to existing
approaches based on the "pretraining-finetuning paradigm. Ho
wever, we are able to identify the limitations of the dataset as
well as evaluation methods through various correct and incorre
ct answers generated by the model. Furthermore, by comparing
the model’s performance with and without the use of fine-tuni
ng instructions and Chain of Thought, we confirm that both te
chniques contribute significantly to the model’s performance. I
n particular, we figure out that we can achieve a recall of 0.73

when fine-tuning the model with a focus on improving recall.

keywords : Large Generative Language Model, Document-1]
evel Relation Extraction, Instruction Fine-tuning, Chain o
f Thought, LoRA

Student Number : 2021-22918
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