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1. Background
« What s Information Extraction?
* OpenlEvs. ClosedIE

CO NTE NTS * Pipeline Approach vs. Joint Approach




Background

What is Information Extraction?

* Information Extraction
v" to extract structured information from unstructured natural language text

v" can extract various types of structures
= Such as entities, relations, events, -+
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Background

Information Extraction t bt |6 ot [ & |
. . Barack Obama | Was Born in | Honolulu
 Named Entity Recognition (NER) l
v AREE XZE XA = 02| o=
Olil El El 0.” OH|:_|-'-|_I_ |'O'| % Named Entity Recognition
SA0IA] QAfStO] == Y B2 |

(t, tp, Person) Barack Obama
(t6, t6, Location) Honolulu

« Relation Extraction (RE)
v S QlE[E| AtO]S] o[OH 2AH|E AL
v H|YH HIAE ZHE] (subject, relation, object) FEHL| L=l ERIEZ ==

product @ co-founder S
@ Openal §: : ~ ( (OpenAl, product, ChatGPT)

OpenAl, co-founder, Sam Altman)
1 | ChatGPT is a chatbot launched by OpenAl. (OpenAI’ CEO’ Sam Altman)

2 | Sam Altman is the co-founder and CEO of OpenAl.
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Background

OpenlE vs. ClosedIE

 Open Information Extraction
L ARHO FelEl AF (Ot 2E=X| GlO|, HIAEN|M 23 FEE ==

v B0lA subject, object Y&t| argument £ E-Z EAH

= ™1
v 1 AO|0f| S&SH= SAL HX|ARL &2 predicate(relation) 2 2 A

Deep learning is a class of ML algorithms that uses mul-
tiple layers to extract features from the raw input.

(Deep learning; is a class of; ML algorithms)
(Deep learning; uses; multiple layers)
(Deep learning; extracts; features; from the raw input)

Figure 1: OpenlE tuples extracted from an example sentence (found
in Wikipedia). A tuple consists of a predicate (in bold) and several
arguments, representing a fact extracted from the sentence.

* (Closed Information Extraction
: AFE0f| Ho| =l relation typesE 7 |22 HEE =&
Ex) located_in, used_for ---
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Background

OpenlE vs. ClosedIE

 Open Information Extraction
L ARHO FelEl AF (Ot 2E=X| GlO|, HIAEN|M 23 FEE ==

v B0lA subject, object Y&t| argument £ E-Z EAH

= ™1
v 1 AO|0f| S&SH= SAL HX|ARL &2 predicate(relation) 2 2 A

Deep learning is a class of ML algorithms that uses mul-
tiple layers to extract features from the raw input.

(Deep learning; is a class of; ML algorithms)
(Deep learning; uses; multiple layers)
(Deep learning; extracts; features; from the raw input)

Figure 1: OpenlE tuples extracted from an example sentence (found
in Wikipedia). A tuple consists of a predicate (in bold) and several
arguments, representing a fact extracted from the sentence.

Closed Information Extraction
: AFE0f| Ho| =l relation typesE 7 |22 HEE =&
Ex) located_in, used_for ---
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Background

Pipeline Approach vs. Joint Approach

* Pipeline approach

v NER, REZ}
v' NER Z=IO| 02
* Limitations

EEEHJHC)|53EN0“)4;x1215431

b T = M Y S

v'error propagation
v Esubtask 2t Ao S 20}
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Background

Pipeline Approach vs. Joint Approach

« Joint Approach (Joint Information Extraction)

v" Extracting entity mentions and semantic relations between entities from
unstructured text with a single model

v =H:jointly optimize [entity&relation extraction] in a single model

- - ~ p
input ’ NER E—— RE — | output
loss_e loss_r
\ \ loss_f=loss_e +loss_r / /
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2. JointEx: B
* Span-based
» Token-pair-based

CO NTE NTS « Graph-based

 Generative




JointlE =8 nH!

Span-based Approach

« Span: ASEI NI EF A2t

t t t3 t4 ts

Barack Obama Was Born 1n Honolulu

tg

Barak
Barak Obama
Barak Obama was

in Honolulu
Honolulu

» Span-based Y42 72 = M2 [ =N ZE| EZ| AE[E|S FHX[SH[0f =+

o2
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JointlE =8 nH!

Span-based Approach

= = O o S xXo
+ YU EEUSE EE AUS R AHOE 2I5E
| — — 71 XTHELL-
o 2f ATHO| AX|| AIE|E|QIX], F= ATH 2+ O|0[RU = 2EA[P | EXSH=X] T
o CHE RH:
[2020][ECAI][SPERT] Span-based Joint Entity and Relation Extraction with Transformer pre-training
(c) relation relation classifier width
classification ] candidate pair embed-
: dings
(b) span " m= e 1
filtering (no entity) (entity) (entity) 2
i — e — — *‘
(a) span span
classification claismer
s s | o S |
! e T _15;
ﬁ@: e -l [eesie—)
examme 4 4 4 4 + * * * + + * 4 4 —T cls
spans BERT (fine-tuned)
(2] context + 4+ + + + 4 4 4+ 4+ + + + + + ¢
[ ] ] | | | | ] [ | | | | [ ] [ | | ] | |
Konkuk university 11 Graph & Language Intelligence Lab.



JointlE =8 nH!

Token-pair-based Approach

=
v
v
2K

School
of
Computer

Science

1 science novels

o L 2= E2 /80| CHot 0] 40| o #4 2|0| & P HX|=X| & T

- -

SHOIIE|E| ATHO| A|XH-12 E2 Mt (start-end)

L—

HHZ 0|2 = F AE|E|Q] start-start/end-end E= 4

2 DA oI BE E2 40| DS HBHOR [IZ £ /S
e ey Ez iy t az
€3 ) '
School of Computer Science has the best teachers British author LK. Rowling wrote Harry Potter novels The girl finally returned to New York City
£ British The y
author gl | g,
e, ! LK. e r finally
- - Rowling 2 r returned :;;!I ;I}_fl t rol, rol, |
wrote to
Harry €3 New s
Potter York
novels [P} City dy

@y The girl iz MNew York City

o Author t  Transport
rol, Artifact rol; Destination

School of Computer Harry Potter

€3 Computer Science €; LK. Rowling e

(a) Named Entity Recognition (b) Relation Extraction (c) Event Extraction
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JointlE =8 nH!

Token-pair-based Approach

o CHE Z2E:
[2023][ACL][UTC-E] A Unified Token-pair Classification Architecture for Information Extraction

t
1 /7 LayerNorm
Ed
’ s

I t
MLP <+>
I t
3x3 Conv
Plusformer x N f
GeLU
t
\ 3x3 Conv
Biaffine Model \\ |
Y LayerNorm
A
I \ i
\ O
PLM Y t

' PlusAttention
] NN S 7

Figure 2: An overview of the UTC-IE Model.
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JointlE =8 nH!

Graph-based Approach _ Text-to-Graph

o CHE 2HE:
[2024][arXiv][GraphER] A Structure-aware Text-to-Graph Model for Entity and Relation Extraction
v' |E taskE Graph Structure Learning@ = Hadz}
v" Dynamic Structure Refinement: &= IPF0|A 22T AXE S5 O = JjM6HD XX zleh

Structure
Learner |[GHN)

{1) The model first computes token representations. (2) Then, it computes span
I - B representations. {3) The node selector module prunes the spans to obtain candidate
[ ] HE N B nodes. (4) The edge selector predicts initial candidate edges. (5) Subsequently, a

i graph neural network (GNN) refines the node/edge representations and edits the :

,_’{ Span rep. ] graph structure by keeping or removing nodes/edges. (6) Finally, nodes and edges
| are classified into their respective types using representation learned by the GNN. ]

MEEms_m
: Input tokens '

Liotal = Ly + Lg + Legis + Logs
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JointlE =8 nH!

Graph-based Approach _ Text-to-Graph

o CHE 2E
[2024][arXiv][GraphER] A Structure-aware Text-to-Graph Model for Entity and Relation Extraction
v' |E taskE Graph Structure Learning@ = Hadz}
v" Dynamic Structure Refinement: =& 2PH0AM J2i T XS SH O 2 I MSHD XA
v GNN 7[2k2| Message PassingO| Of-l TokenGTE L2610 2= Hot FME Nt = U= of

a) Input text d) Transformer GNN for structure learning

_Alain Farley works at McGill University
o) Graph ¢) Embeddings Transformer Encoder

(before structure learning) Node identifiers
] . N —— ———— —

O Type identifers | ~+d | | ~+d | | N+d | | N+d i eﬂfdf | | eE:de | | efjde | | EEfde |

e, ek e e
\Cfv RS I | O
.5 Span/node embeddings + + + + \/
(0,1) ( [ soo | | sox | | sas || sus | Edge representations

\/ Only uses node and type identifiers
Node representations
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JointlE =8 nH!

Generative Approach

« Entity&relation 0l|Z E§A 3 Z text generation HEHZ X{2|5H= i Sxb
o CHE 2HE:

[2024][AAAIJ[ATG] An Autoregressive Text-to-Graph Framework for Joint Entity and Relation
Extraction

v' Pointing mechanism AFE -> 4dEl £240| ¢l HIAEQ| 2 HE F0 2UA UTE S =
v Constrained decoding £} -> A E|= A|EADF2HIZ J2HT 1R E QX [SIE 2 BAKS

Decoder Output I(D,I,PER)‘ |(4,5,0RG)| I(T,T,LOC)I |<SEP>| ‘(0.1,PER)| |(4,5,0RG)‘

Work For |(4,5,0RG)I |(7,7,LOC)‘ IBased_Inl | <END> I
nll s s Ky RUXKXCyxD
111l span embeddings (= B EEBEC
K i1s the maximum span size and
C is the number of classes De-embedding
using E
HE B B EEEEEN | | : .
HEE EEEEEEN ] o . H N The wocabulary matrix of our
EEEEEEEEN N B L decoder E € RUXKXC+R+TIXD
EEEEEEEEN u ===== SEeeE
HEEEEEEREEn .
. [ |
Span
Reprezentation
Layer

EEEEE = D
EEEEE ®E—HcR
g

. a mputed using
Span Representat yer
=
{<START>, <SEP>», <END>») embeddings are
Lockur Embedding learned during training
using E

Transformer
‘ Encoder ‘
EEEEE B EE EEl
Input tokens Target sequence y
X={xp - x} (Sshifted right)
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JointlE =8 nH!

Generative Approach

« Entity&relation 0l EA T E text generation WEHZ X2 [St= i SEt
o CHE 2HE:

[2024][AAAIJ[ATG] An Autoregressive Text-to-Graph Framework for Joint Entity and Relation
Extraction

1 1 1 = o = = olq o
v' Pointing mechanism AF& -> ' d & 230| #= HIA B 2HE F0{ 24 Zetd= =Y
v Constrained decoding £} -> A= A|RATJH2HIE J2HT 1X 2 QX[ 2 Bkt
Decoder Output | (0,1, PER) ‘ I (4,5,0RG) | I (7,7,L0C) ’ l <SEP> | ‘ (0,1,PER) | I (4,5,0RG) ‘ Work For | (4,5,0RG) l | (7,7,10C) ‘ Based_InI | <END> I
211 span embeddings § g RUXExCxD
K i1s the maximum span size and
C is the number of classes Start State 4
EEEEEEEEE = ! 7 A
EEEEEEEEN | Relation
EEEEEEEENR u <START>
HE e E . ] Type
recsesitec: ‘ 'J' sy
= Cross—-attention State 1 __—“<SEP>—} HiEeEs 2 tsj’kaenn
HEEEE B e N PZEEERN
Span <END> Span
token //, token
Tranzformer
‘ Encoder ‘ B \‘
EEEEE = Exit State 3

Input tokens
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3. Triple Extraction
CONTENTS . CjolEfs @

. FQ oY




C|OE{ 2l H| i

JointlE _ ACEOQ5, SciERC, CoNLL04 ...

"clusters": [[[62, 64], [%9@, 911, [96, 98], [112, 114]], [[e, 6], [170, 17@]], [[81, 82], [126, 127]], [[129, 131], [142, 142]]1],

"sentences":
"In", "this", "paper", ",", "a", "novel", "method";, "to", "learn", "the", !'intrinsic", "object", "structure", "for", "robust", "visual", "tracking", "is", "proposed",
"The", "basic", "assumption", "is", "that", "the", "parameterized", "object", “state", "lies", "on", "a", "low", "dimensional", “manitold”, “and", “can", "be", "learned", "from", "training", "data", "."
"Based", "on", "this", "assumption", ",", "firstly", "we", "derived", "the", "dimensionality", "reduction", "and", "density", "estimation", "algorithm", "for", "unsupervised", "learning", "of", "object", "intrinsig
"Secondly", '"the", "dynamical", "medel", "is", "derived", "and", "trained", "based", '"on", "this", "intrinsic", “representation", "."],

"Thirdly", "the", "learned", "intrinsic", "object", "structure", "is", "integrated", "into", "a", "particle-filter", "style", "tracker", ".
"We", "will", "show", "that", "this", "intrinsic", "object", "representation", "has", "some", "interesting", "properties", "and", "based", "on", "which", "the", "newly", "derived", "dynamical", "model", "makes",
"Experiments", "show", "that", "the", "learned", "tracker", "performs", "much", "better", "than", "existing", "trackers", "on", "the", "tracking", "of", "complex", "non-rigid", "motions", "such", "as", "fish", "tw

"The", "proposed", "method", "also", "has", "the", "potential", "to", "solve", "other", "type", "of", “tracking", “problems", "."

1,

“ner':
[6, 6, "Method"], [1@, 12, "OtherScientificTerm"], [14, 16, "Task"]
126728, otherScientiTicTerm™ iy {32754, OtherscientiiicTern™ i1y
[52, 57, "Method"], [59, 64, "Task"l, [62, 64, "Method"], [68, 72, "OtherScientificTerm"]],
[81, 82, "Method"], [9@, 91, “"Method"]], [[96, 98, "OtherScientificTerm"], [1@3, 105, "Method"]],
[112, 114, "Method"], [126, 127, "Method"], [129, 131, "Method"ll,
[142, 142, "Generic"], [148, 148, "Generic"], [151, 155, "Task"], [153, 155, "OtherScientificTerm"], [158, 159, "OtherScientificTerm"], [161, 161, "Othe
[17@, 17@, “Generic"], [18@, 181, "Task"] Datasct
]

--,—31:.:—1-.-.“--.
[6, 6, 1@, 12, "USED-FOR"], [1e, 12, 14, 16, "USED-FOR"1l,
132, 34, 26, 28, “FEATURE-UF"IT, .A.EEDE
[52, 57, 59, 64, "USED-FOR"]],
[90, 91, 81, 82, "USED-FOR"1], E(}NLL u-l.
[96, 98, 103, 185, "PART-OF"1], .
[126, 127, 128, 131, "USED-FOR"] SCIERE
[142, 142, 148, 148, "COMPARE"], [142, 142, 151, 155, "USED-FOR"], [148, 148, 151, 155, "USED-FOR"], [158, 159, 153, 155, "HYPONYM-OF"], [161, 161, 158, 4
[178, 17@, 18@, 181, "USED-FOR"]
1,

"doc_key": "CVPR_20@3_18_abs"

"sentences": ["Annie", "Oakley", "also", "known", "as", "Little", "Miss", "Sure'", "Shot",
"ner": [[®, 1, "Peop"l, [6, 9, "Peop"l, [13, 15, "Peop"l, [17, 20, "Loc"l1,

"relations": [[®, 1, 17, 28, "Live_In"1, I[6, 9, 17, 206, "Live_In"], [13, 15, 17, 28, "Live_In"
"clusters": [],
"doc_key": "conlle4_5284"

, "was", "born", "Phoebe", "Ann", "Moses", "in", "Willowdell", ",", "Darke", "County”, ",", "in", "1860", "."I,

university Graph & Language Intelligence La



C|OE{ 2l H| i

(Relational) Triple Extraction _ WebNLG, NYT

"text":
"id "train_|
"relation_list":
{"subject"
{"subject":
{"subject"
1,
"entity_list": [
{"text": "1 . FC
{"text": "Peter
{"text":
{"text"
{"text":
{"text":
]

"Peter Stdoger is manager of 1 .

', "subj_char_span":
subj_char_span":
"subj_char_span":

: "DEFAULT",
T UDEFAULT™, “cnar_span'": [87, 91], "tok_span":
, "type": "DEFAULT", "char_span":

"type": "DEFAULT", "char_span": [49, 54], "tok_span":

"text": "Peter Stdger is n the 201415 Bund
"id "train_1",
"relation_list":
{"subject
{"subject":
{"subject"
1,
"entity_list":
{"text": "1 .
{"text": "1 .
{"text": "1 .

subj_char_span":
01415 Bundesliga
0 "subj_char_span":

: "DEFAULT", "char_span":
: "DEFAULT", "char_span":
: "DEFAULT", "char_span":

Konkuk university

[27, 38], "obj_char_span
[27, 38], "obj_char_span":

38], "tok_span":
12], "tok_span":
38], "tok_span":

[27, 38], "tok_span":

, "subj_char_span":
[27, 38], "obj_char_span":

[27, 38], "tok_span":
[27, 38], "tok_span":
[27, 38], "tok_span":

participated in th

[27, 38], "obj_char_span":

[7, 131},
le, 41},
[7, 131},
[22, 231},
[7, 131},
[15, 171}

[27, 38], "obj
[27, 38],

r_span":
ob

[7, 131}, {"text":
[7, 13]}, {"text"
[7, 131}, {"text":

20

[@, 12], "predicat
[87, 91], "predicate":
[49, 54], "predicate"

[@, 12], "predicate": "
j_char_span":
[89, 94], "predicate"

"Peter Stoger", "type": "DEFAULT", "char_span":

, "subj_tok_span":
subj_tok_span": [7, 13],
, "subj_tok_span":

Corpus Name

[7,
"obj_tok_span":

13], "obj_tok_span": [@, 4]},
[22, 23]},

[7, 131, "obj_tok_span": [15, 17]}

Relation

NYT [125]

WebNLG [51]

ubj_tok_span":
on", "subj_tok_span"
, "subj_tok_span":

[55, 72]
"number

; "type "char_span":

DEFAULT",

Graph &

[7,

[8, 12], "tok_span":

[89, 94], "tok_span":

24
171

13], "obj_tok_span": [@, 4]},
": [7, 13], "obj_tok_span": [17, 20@]},

[7, 131, "obj_tok_span": [23, 25]}

[e, 41},
[55, 72], "tok_span": [17, 20]},
[23, 251}

Language Intelligence Lab.



Background

(Relational) Triple Extraction

« Raw text25E| <subject, relation, object> QENC| E2|E2 F=
- QlE[E[Q}I = AlO|2] 2|O]|X LA Z SA 0] AEo}H,

+ X|A DI 1S Pt T 2
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g oy

[2022][EMNLP][UniRel]
Unified Representation and Interaction for Joint Relational Triple Extraction

« entity-entity, entity-relation A0|2| interaction2 SH 2 = X2
* Interaction Map HZHL|Z &g

London Interaction Map

; |::> E - s capi tal of E Holmes = - - - - - - - - - 1r 777777 Helait;c;nal Trlpiéé 777777

o | v SN N (D O -L

London = = - - - - - - it m@
the ‘ I

Semantic information Corpus i D w London |
P g capital - - - - - - - - ;‘:" - : H : I
[U - Cities - is capital of - Countries - J of B P { |(London uk ||

Uk - "' - . - B Subj-Rel | [ EntEnt | [ Rel-Obj
Capital - _. _ . I London London

Comtain | = | - - | - [CopimlJ [ UK ] [ w J

Lve - T F : T F bt A ....... A

- .- - Entity-Entity Interaction
BERT Encoder
i I subject-Relation Interaction :
[ I [ | I I I I : - Relation-Object Interaction .
Holmes lives  in Londan the capital of  the UK Capnal Contain Live =~ "7TTTTtTooTomomomomoncd

Konkuk university 22 Graph & Language Intelligence Lab.



CONTENTS | 4 LMESHE

+ Ontology
* Instruction Tuning
* Agent




Ontology

[2023][ISWC][Text2KGBench]
A Benchmark for Ontology-Driven Knowledge Graph Generation From Text

-+ 2E2X|E Z20| BAHCZ X[STt HEOfAM, elotn ME[H = U= BB ISS
XKXESIA O|L

T==2T M_xlg %lj|-‘c'é|-
¢ 2E2X|7|e XA DTS YA LLMO| 522 HIIs1| 2I3HAIX|DISS Hioh
'c'él-
« HEORRE: 2E=X|0f| X=fact triple =5
v Olit} 20| F4sfof & 24
= Ontology conformance
= Faithfulness: YiZ el 20N AgE AFATHALE (E=200 Z4)
= No hallucination: 517L2| AIE|E|/H|S AHSHK| Qb2
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Text2KGBench

{"gid": "Q201658", "label": "film genre"},

{"gid": "Q1762059", "label": "film production company"},

"Q4220917", "label": "film award"},

"Q47461344", "label": "written work"},

{"qid": "Q15773347", "label": "film character"},
{"qid": "Q104649845", "label": "film organization"}

{"pid": "P57", "label": "director", "domain": "Q11424", "range": "Q5"},
{"pid": "P58", "label": "screenwriter", "domain": "Q11424", “range": "Q5"},

"genre", "domain": "Q11424", "range": "Q483394"},

"based on", "domain": "Q11424", "range": "Q47461344"},
"cast member", "domain": "Q11424", “range": "Q5"},

"award received", "domain": "Q11424", “range": "Q618779"},
"production company", "domain": "Q11424", "range": "Q1762059"},
“country of origin", "domain": "Q11424", "range": "Q6256"},
"publication date", "domain": "Q11424", "range": ""},
"characters", "domain": "Q11424", "range": "Q15773347"},
"narrative location", "domain": "Q11424", “range": "Q515"},
"filming location", "domain": '"Q11424", "range": "Q515"},
"main subject", "domain": "Q11424", "range": ""},
"nominated for", "domain": "Q11424", "range": "Q618779"},
"cost", "domain": "Q11424", "range": ""}

{

"title": "Movie Ontology",

"id": "ont_1_movie",

"concepts": [
{"qid": "Q5", "label": "human"},
{"qid": "Q515", "label": "city"},
{"gid": "Q6256", "label": "country"},
{"qid": "Q11424", "label": "film"},
{"qid": "Q483394", "label": "genre"},
{"qgid":
{"qid": "Q618779", "label": "award"},
{"qid":

]I

"relations": [
{"pid": "P136", "label":
{"pid": "P144", "label"
{"pid": "P161", "label":
{"pid": "P166", "label™:
{"pid": "P272", "label":
{"pid": "P495", "label":
{"pid": "P577", "label®
{"pid": "P674", "label":
{"pid": "P840", "label":
{"pid": "P915", "label":
{"pid": "P921", "label":
{"pid": "P1411", "label":
{"pid": "P2130", "label":

]

}

Konkuk university
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Text2KGBench

"title": "Movie Ontology",

"id": "ont_1_movie",
"concepts": [

{"qid": "Q5", "label": "human"},

{"qid": "Q515", "label": "city"},

{"qid": "Q6256", "label": "country"},
{"qid": "Q11424", “label": "film"},
{"qid": "Q201658", "label™: "film genre"},
{"qid": "Q483394", "label": "genre"},

{"qid": "Q1762059", "label": "film production ¢

{"qid": "Q4220917", "label": "film award"},
{"qid": "Q618779", "label": "award"},
{"qid": "Q47461344", "label": "written work"},

{"qid": "Q15773347", "label":

"film character")

{"qid": "Q104649845", "label": "film organizati

1,

"relations": [

{"pid": "P57", "label": "director", "domain": '
{"pid": "P58", "label": "screenwriter", "domair

{"pid": "P136",
{"pid": "P144",
{"pid": "P161",
{"pid": "P166",
{"pid": "P272",
{"pid": "P495",
{"pid": "P577",
{"pid": "P674",
{"pid": "P84o",
{"pid": "P915",
{"pid": “P921",
{"pid": "P1411",
{"pid": "P2130",

Konkuk university

"label":
"label":
"label":
"label":
"label":
"label":
"label":
"label":
"label":
"label":
"label":

"label":
"label":

"genre", "domain": "QI
"based on", "domain'":
"cast member", "domair
"award received", "don
"production company",
"country of origin", '
"publication date", "¢
"characters", "domain'
“narrative location",
"filming location", "¢
"main subject", "domai
"nominated for", "don
"cost", "domain": "QI

Given the following ontology, examples and sentences, please extract the triples from
the sentence according to the relations in the ontology. In the output, only include the
triples in the given output format.

CONTEXT:

4 Instruction

Ontology Concepts: human, city, country, film, film genre, film production company,
film award, award, written work, film character, film organization

Ontology Relations: cast_member(film,human), director (film,human), screenwriter
(film,human), producer(film,human), genre(film,genre), based_on(film,written work),
award_received (film,award), production_company(film,film production company),
country_of_origin(film,country), publication_date (film,date), characters(film,film
character), narrative_location(film,city), filming_location(film,city),
main_subject(film,thing), nominated_for(film,award), cost(film,number)

4 Verbalized
Ontology

Example Sentence: The Lion King is a animated musical drama film about a lion cub
who is to succeed his father and it was directed by Roger Allers and Rob Minkoff (in
their feature directorial debuts), produced by Don Hahn.

Example Output: director(Lion King, Roger Allers)
director(Lion King, Rob Minkoff)
producer(Lion King, Don Hahn)

Test Sentence: Birds Anonymous is a 1957 Warner Bros. Merrie Melodies animated
short, directed by Friz Freleng and written by Warren Foster.

Test Output:

=

screenwriter(Birds Anonymous, Warren Foster)

director(Birds Anonymous, Friz Freleng) LLM
publication_date(Birds Anonymous, 1957)
production_company(Birds Anonymous, Warner Bros.) Output

genre(Birds Anonymous, animated film)
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Instruction Tuning

[2023][arXiv][InstructUIE]
Multi-task Instruction Tuning for Unified Information Extraction

* |Etask=(NER, RE, EE)Z
* Instruction tuning= Sl LLM2| Z2H2 St

text-to-text 33Al0 2 HF Q|

« 327H9| IE G|O|E{AI© 2 |E INSTRUCTIONS HIX |0t 3 H|O|EfAll 1=

NER

RE

EE

Multi-Task Instruction Tuning

{Tom, person)

(Japanese information
LLM extraction, used for, it)

Zero-Shot Evaluation

Konkuk university

~ - - ;
" CoNLL 2003 P]ea_se ?ISI al]_eum},r words in th_e te?ct...
Option: location, person, organization, else
ACE 2005 T _ .
Text: Tom have training in a whole variety
Ontonotes o .. - :
of different missions.
. /| Answer:
Pl ™ i ' i
CoNLL 2004 qu:;'l the phrases in the following sentence...
. Option: used for, part of, compare. ..
SciERC o .
Text: It has also been studied in the frame-
NYT 11 . . . .
work of Japanese information extraction.

8 /| Answer:

” ~ | Extract the event information in the text...
CASIE Option: Event type: phishing, databreach. ..
GENIA Arguments type: time, purpose...

L y Texi: Next time I will publish database.

Answer:

Mit-Movie

27

(type: databreach,
trigger: will push,
time : Next time)

—— i ——— — — —

| answer
L ————p(Bocchi the Rock, title)
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InstructUIE

 Task schema 714d: task instruction, option, text, output

I Multi-Task Instruction Tuning

g o S _P]ﬁasf: ]List al]_entity words in tl:l_e te_xt. .. .
ACE 2005 Option: location, person, organization, else | o ntity types
NER . T'ext: Tom have tramning in a whole variety (Tom, person)
of different missions.
\ J | Answer:
4 ; ; ; 1
com 2o [t s e gt | L
RE f;‘:&lfl"klti T"fxt: I; has also 'h]:en su;dif::llfn th‘a“fratne— retation S{E_?'S. {iﬁ_ﬂ;;f;niu]fg::?gf?ﬂ
work of Japanese information extraction. | : ’
‘. | Answer:
L
Extract the event information in the text... ! !
CASIE Option: Event type: phishing, databreach... event types (type: databreach,
EE GENIA Arguments type: time, purpose. .. B | | trigger: will push,
L Text: Next time [ will publish database. } : time : Next time)
Answer: | |
___________________________________________________________________________________ I}
i based on instructi : I ANsSwWer
. . . input based on ins ion
Zero-Shot Evaluation lt::‘;‘:ﬁ Mit-Movie | TP BEC O BTCTN CEE b (Bocchi the Rock, title)

Konkuk university
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InstructUIE

e Task schema +4: task inst

Please list all ent

' ™
sl D Option: location,
ACE 2005 _
NER Text: Tom have |
Ontonotes ) ..
of different missi
. J | Answer:
e T ;
CoNLL 2004 _Flru_i the phrases
- Option: used for,
SciERC
RE Text: It has also |
NYT 11
work of Japanese
. Answer:
Extract the event
CASIE Option: Event tyy
EE GENIA Arguments type:
Text: Mext time [
.
Answer:
Zero-Shot Evaluation Ungeen
Datasets

Konkuk university

Task

Prompts

NER

Please list all entity words in the text that fit the category. Output format is "typel: wordl;
type2: word2".

Please find all the entity words associated with the category in the given text. Output
format is "typel: wordl; type2: word2".

Please tell me all the entity words in the text that belong to a given category. QOutput
format is "typel: wordl; type2: word2".

Given a phrase that describes the relationship between two words, extract the words and
the lexical relationship between them. The output format should be "relationl: wordl,
word?2; relation2: word3, word4".

Find the phrases in the following sentences that have a given relationship. The output
format is "relationl: wordl, word2; relation2: word3, word4".

Given a sentence, please extract the subject and object containing a certain relation in the
sentence according to the following relation types, in the format of "relationl: wordl,
word2; relation2: word3, word4".

Locate the role in the text that participated in the event based on the event type and return
it in the event list.

Extract the event information in the text and return them in the event list.

Please list all entity words in the text that fit the category. Output format is wordl, word2.

Given options, please tell me the categories of all the listed entity words.Output format is
"typel: wordl; type2: word2".

Please list all entity pairs containing a certain relationship in the given options.OQutput
format is "wordl, word2:; word3, word4".

Given options, please tell me the relationships of all the listed entity pairs.Output format
is "relationl: wordl, word2; relation2: word3, word4".

Given event type and trigger, please tell me the arguments of all the listed option. Output
format is "name: role".

Please tell me event type and its trigger word from given type options. Output format is
"event type: trigger".

Table 8: Instructions for different tasks.
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InstructUIE

e Task schema +4: task inst

4 N | Pl list all ent
CoNLL2003 | | goco ) > o0
ption: location,
ACE 2005 _
NER Text: Tom have |
Ontonotes . .
of different missi
. /| Answer:
' ™ i
CoNLL 2004 Fma:_i th:: phrases
- Option: used for,
SciERC
RE Tawt: T+ lino alon~ |
NYT 11 -
Auxiliary tasks
Entity span extraction
Entity typing
EE UENLA I | Arouiments tune:
- Entity pair extraction
Relation classification
Zero-Sh Argument extraction

Trigger extraction

Konkuk university

Task

Prompts

NER

Please list all entity words in the text that fit the category. Output format is "typel: wordl;
type2: word2".

Please find all the entity words associated with the category in the given text. Output
format is "typel: wordl; type2: word2".

Please tell me all the entity words in the text that belong to a given category. QOutput
format is "typel: wordl; type2: word2".

Given a phrase that describes the relationship between two words, extract the words and
the lexical relationship between them. The output format should be "relationl: wordl,
word?2; relation2: word3, word4".

Find the phrases in the following sentences that have a given relationship. The output
format is "relationl: wordl, word2; relation2: word3, word4".

Given a sentence, please extract the subject and object containing a certain relation in the
sentence according to the following relation types, in the format of "relationl: wordl,
word2; relation2: word3, word4".

Locate the role in the text that participated in the event based on the event type and return
it in the event list.

Extract the event information in the text and return them in the event list.

ES

Please list all entity words in the text that fit the category. Output format is wordl, word2.

ET

Given options, please tell me the categories of all the listed entity words.Output format is
"typel: wordl; type2: word2".

Please list all entity pairs containing a certain relationship in the given options.OQutput
format is "wordl, word2:; word3, word4".

Given options, please tell me the relationships of all the listed entity pairs.Output format
is "relationl: wordl, word2; relation2: word3, word4".

Given event type and trigger, please tell me the arguments of all the listed option. Output
format is "name: role".

Please tell me event type and its trigger word from given type options. Output format is
"event type: trigger".

Table 8: Instructions for different tasks.

30 Graph & Language Intelligence Lab.




Agent

[2024][CIKM][AgentRE]
An Agent-Based Framework for Navigating Complex Information Landscapes in Relation Extraction

e LLM2 agent2 11, CIQfst Q| MHO|| M25}0] LIS T 228 4ol
v I text-in, text-out B410| OHl CHE 22 E=2| reasoning= SOl HEE EM6HD =
7S
v" Retrieval, memory, extraction 2= =2
v FEHZE J|E51 AW BE sk50| 2HE (Distillation)
_Reasoning TrajectoryE &t& H|O|E{ 2 T2t

(b) N .
e ermee., N
. __.Step 1: candidate relations ..

The Museum is located ="

. ) y Step 2: check annotation

in the Northeast Gaomi d guidelines .

Township, Mo Yan's > -

N i — AgentRE — 7

ometown.

Conclusmn XXX

EARAREEEREE w —
B, )

(Mo Yan, place_of_birth, j O

‘ M emory ’—) Northeast Gaomi Township)

*‘ Retrieval

QO = ¥ %

labelled annotation .
data T KG memory reflection
guidelines
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Agent

[2024][CIKM][AgentRE]
An Agent-Based Framework for Navigating Complex Information Landscapes in Relation Extraction

+ FREE

v' Retrieval: static knowledgeE CrEH, 27 HZ, A J10|E 5 2|F A YHE HAligt
v' Memory: dynamic knowledgeS CHRH, 2tH == A™S 7 |F0t1 Bhd(reflect)5HH, 3

Z 1PgofiMel dsS Qof = Bhdet
v’ Extraction: 2 %, BAH =, Col 7|8 5 LRl =2 YA O 2 2| 7= =

v LLM2 0| 2E52 250, ss82 2 HE &AM Bl reasoning= gt

(a) AgentRE Framework
. Input text
Retrieval Module ] Memory Module

v

Relevant Information Shallow
okt retrieve read & write memory

,| AgentRE |, ,

sample Retrieval “ Deep
ample Retrieva memory

extract & summary

Extraction ModuleI

\

o
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Multi-Agent

[2025][arXiv][KARMA]
Leveraging Multi-Agent LLMs for Automated Knowledge Graph Enrichment

 Multi-agent A|ARIS 283510 knowledge graph enrichment 4=
v QX EMEREH MER EEZS FE0I 7|EQ| KGO 2t

=2="T

:oooc' """ °

Multi-Agent o= O Multi-Agent

Article Knowledge

KG Enrichment
v £ 99| 00| MERZ JdE|H, I5 Central Controller Agent?} 0|2 EXI&t

l [ Central Controller }

I |

€]

o
e ¢ Parsing —— — Extraction — — gg) Integration —
g? Ingestion Agent Schema Alignment
o
T — ) 00 o 3 o I .0 =
- o augn T Evaluator Agent
: — P ==
— RN, Knewledga Graph \‘ O conttence <
= O
m Reader Agent m Extraction Agent €73 Relevance Integrate sco
[ abana | cummary ntities v
) Read duction : e Tissegnen ot o0 o -
] of 1L Infibition felations {c o} KG Storage
Toxts Results | | u\”.lf e o ‘:,:_/""' 9
. = : o
(=] 5 1 store O, .0
Summarizer Agent - v e O/jo L (fg\)
) ‘ Conflicts Resolution oZ0 &
L Abstract Summary
Introduction | summarize  Th segment Q_0 Resol .0
=gl S ofsjo = 0%0+0
) 0°6
\. J \. J \. J
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[RePool ] Relation-Faceted Graph Pooling with LLM Guidance for Dynamic Span-
Aware Information Extraction

- J|EYHEES o)
v" Static span formation:
2 H ATHE relgtional context 2ATH|| Z2HE|H, AT QUIHIH2 2E boundary E2 HIES
concatenate Sh= FEZ EE|0], BEIEZ AEIE[C| AR St EE YT FAIE
v" Relation-agnostic semantic processing:
Relation-specific contextd| et 1124 §10| span| K242 TWorat
Fa-d B2l AIER! 7|F0| g7 | WiZ0i LLM2| semantic guidanceE 2+ <~ gl

0jo
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[RePool ] Relation-Faceted Graph Pooling with LLM Guidance for Dynamic Span-

Aware Information Extraction

« X[t 2= RePool)

v" Dual-view knowledge graph _ token and relation nodes

v" Auxiliary structural relations (edge):
'subject_of’, ‘object_of’, ‘compound_with’
v LLM preference alignment

{OpenAl, Founded by, Sam Altman) (OpenAl, located in, San Francisco Bay)

Founded by
’ Rt

" ,
subjest of Sbject of ob) m-if R.View
" X N, TView

. e pompound with e .

subject of

(Opch ) [S:m}-‘- {Al:man] [ San j;;*-{F ranciscoj-:’-{gﬂ?aa

Dual-View Knowledge Graph

"Opendl, founded by Sam Aliman, is located in San Francisco Bay."
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Scy HE e
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G Sy HE H; text
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Scr HE e
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Embedding Embedding

Input Text

Graph & Language Intelligence Lab.



XY T 9l o

o e L.
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v Type 2to| 2|1
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