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DISCLAIMERS

1)

2)

3)

Ecnu Bbl BCEpbE3 3aHMMAETECH N3BNEYEHNUEM OTHOLLEHWUN,
TO efBa N1 B 3TOM 0630pHOM AoKnage ans sac éyaer MHOro HOBOTO;

nogpoOHO Mbl OCTAHOBUMCSA NULLb Ha nape ctaTten, npoyee dyaer
N3NOXEHO 0YEHb NOBEPXHOCTHO -- TOSTIbKO YTOOLI MOHATH 3BOSOLMIO

npegmMeTHon obnacTu;

AOKINnNag4mK — coBCceM He JIMHIBUCT, MO3TOMY BO3MOXHaA
TEPMUHOJTIOTNYECKaA He6pe)KHOCTb;

nnaH goknaaa dbyneT Yepes YeTbipe cnanaa.
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[locTaHOBKa 3aga4u

a function from a document to a set of tuples indicating a semantic relation
between a predicate phrase and its arguments (Banko et al.,2007).

Mausam et al. 2012: Open |E looks for a phrase that expresses a relation
between a pair of arguments

Wu and Weld (2008): an Open IE extractor should “produce one triple for every
relation stated explicitly in the text, but is not required to infer implicit facts”

“John managed to open the door”

Hago 6bl U3BNeYb: (John; managed to open; the door)
na3eriekatb HeobaszatenbHo:  (John; opened; the door)

B3sato u3 ctatbn Stanovsky-Dagan 2016

https://www.redbubble.com/i/art-print/Here-s-Johnny-by-Jpwoody/17299892.1G4ZT



[MpurogmnTca BnocneacTBmn: 4to Takoe SRL?

Semantic Role Labeling aka shallow semantic parsing

TO ecTb pa3MeTKa CIoB COrflacHO UX CEMAHTUYECKOM Posn
B NpeanoXeHnn, npumep:

Kowka ctena pbioby

KOLLKa = areHc, agent
pbiba = nauuneHc (“xeptBa”), patient

Taknx porien MHoro (getann Ham cernyvac He BaXKHbl):
https://en.wikipedia.org/wiki/Thematic_relation
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https://en.wikipedia.org/wiki/Thematic_relation

Question | who killed jfk

Method Answer

PBQA A ten-month investigation from November 1963

to September 1964 by the Warren Commission

3aL| e M 3TO Hy>KH O? I_I p I/l M e p bl concluded that Kennedy was assassinated by

Lee Harvey Oswald, acting alone, and that Jack

Ruby also acted alone when he killed Oswald
e Question Answering before he could stand trial.

MRC Lee Harvey Oswald
ABQA <Kennedy; was assassinated; by Lee
Harvey Oswald>

o Yan Z. et al. Assertion-based QA with question-aware open
information extraction //Proceedings of the AAAI Conference on

Artificial Intelligence. —2018. — T. 32. — Ne. 1. —

o Khot T., Sabharwal A., Clark P. Answering complex questions
using open information extraction //arXiv preprint NONYCTPYKTYPMPOBaHHLIE OTBETEI C

arXiv:1704.05572. — 2017. NoapOGHOCTAMM YacTo UCMONb30BaTh yAo0OHee,

YyeM KpaTKui OTBET uUnu uenbin absau
e Event Schema Induction

o Balasubramanian N. et al. Generating coherent event schemas
at scale //Proceedings of the 2013 Conference on Empirical
Methods in Natural Language Processing. — 2013. — ESI| = BblaeneHne cobbiTun N nx

C. 1721-1731. y4yacTHUKoB “6e3 yuntens”; B pabote
BblaensoT ¢ nomoubto OpenlE n
rpynnNUpPYyT NO COYNOMUHAHMAM

e Fact Salience
o Ponza M., Del Corro L., Weikum G. Facts that matter

/IProceedings of the 2018 Conference on Empirical Methods in . ) )
Natural Language Processing. — 2018. — C. 1043-1048. This work introduces fact salience: The task

of generating a machine-readable representa-
__—P tion of the most prominent information in a
text document as a set of facts. We also present
SALIE, the first fact salience system. SALIE is



[TnaH

1. OpenlE oo 2016 roga

a. TextRunner

b. ReVerb

c. OLLIE

d. OpenlE-4

2. [aTtaceTbl n 6eH4YMapKu

a. OIE2016

b. WiRe57

c. CaRB

d. WHoe

3. [MobegHbin mapL rnybokoro oby4eHns

a. SpanOIE
b. IMoJIE

c. Mult"20IE
d. OpenlE6

4. A YTO C pyCCKUM A3bIKOM?

5. BaxHble paboTbl, 0 KOTOPbLIX HE FTOBOPUIU




CBepnM TEPMUHOMNOIUIO

e Extractions aka nsBneyeHus aka Tponku (KOPTEXN)
(subject, relation, object) = (arg0, predicate, arg1 [, arg2, arg3, ...])
[OBOpPSAT, 3TO HE OOHO U TO Xe, HO Mbl DyeM MCMNoMNb30BaTb B3aMO3aMeHAEMO

e Part-of-speech (POS) tagging = 4yactepeyHasa pasmeTka

e Syntax parsing = cMHTakCU4eCckumu pasbop
(4awe Bcero y Hac bygeT B pamkax rpammMaTukin 3aBUMCUMOCTEN, CM. Janee)

e Noun phrase (NP) = nmeHHas rpynna
(cnoBocoyeTaHue, B KOTOPOM UMSI CYLLLECTBUTENBHOE ABNSAETCS BEPLUMHON, TO €CTb
a/1a8HbIM Cr1080M, ONpeaensatoLMM XapakTePUCTUKY BCEWN COCTaBNSAOLLEN)



2007 [TextRunner] Banko, Cafarella, Soderland, Broadhead, Etzioni

Open information extraction from the web. [JCAI 2007, 2607 citations

e Bogart OpenlE kak HoByto napagurmy Information Extraction:
NPUMEPHO A0 3TOro MOMEHTa Habop BUAOB OTHOLUEHMUN ObiNT KOHEYHbIM

e [1na paboTbl C TEKCTAMU UHTEPHETHbLIX KA4eCcTBa U MacLuTaboB cTapble Noaxoabl
C CUHTakcu4decknmm napcepamm n NER-amn He nogxogmnu

e [lpegnaratoT coobuwecTBy MHCTPYMeHT TextRunner, “macwTabupyembiv
N He 3aBUCALLNK OT NpeaMeTHon obnactn”


https://www.aaai.org/Papers/IJCAI/2007/IJCAI07-429.pdf

2007

1.

Self-Supervised Learner:

a. CTpoum gepeBbsi B pamkax
rpaMMaTmnKy 3aBUCUMOCTEN
No Habopy M3 HECKOSTbKNX ThICAY
npeanoXeHumn

b. Haxoonwm 6a3oBble UME@HHbIe
rpynnbl, .. 6€3 BOXEHHbIX
WMEHHbIX rpynn

c. [Onsa kaxaoow napbl MMEHHbIX Tpynn B NpeasioxXeHnn niiem B aepeBe 3aBUCUMOCTEN KaHauaaTa B

cBA3biBawllee NX oTHoWeHune

‘TextRunner] Kpatko o0 yctponcrse

is

inventory taken
DET | “~PATIR TO-COMP
An of (o]
\O\ZE’P \corp-T0
functions be
syntactic primitive

An inventory of syntactic functions is taken to be primitive.

d. C nomolubio 3apaHee 3afaHHbIX NpPaBun pa3medaeM Takmux KaHaAMaaToB-TPoek

Ha nogxoAsLine n Henoaxoadiume

e. Kaxxgon Tp0|71|<e conocrtaBJideM BEKTOP HECUHTAKCUYECKUX U HeJleKCUYeCKUX npmnu3Hakos, 1

oby4aem HanBHbIN BanecoBCKkMI knaccudmkaTop



2007 [TextRunner] KpaTko 06 yctponcree

2. Single-Pass Extractor: POS Tagging
a. [lponsBoaum YacTepeyHyo pasmMeTKy
b. Ha eé ocHoBe Bblgensem MMeHHble rpynnbi vBr| TO [VB] [ NNs |
(noun chunking) , ’ I
C. OBpuUcTUKaMmun otbpacbiBaem nuLlHee I fke %o read buiiies
d. CTpoum Tponkn-kaHanoaTbl HaA OCHOBE PasMETKN,
CoeMHAA UMEHHbIE rpynnbl
e. Bbluucnsiem oueHkn o6y4eHHOro Ha NPOoLLSIOM
Lare kraccudpukaropa ans aTmx Tpoek
f. Tponkn c HU3KNMMN OLleHKaMN OTOpachkIBaeM,
ocTasibHOEe CoxpaHaeM
| AP. Green | |currently has || 2,664,098 shares || outstanding
NNP NNP RB VBZ CD NNS JJ i
B I 0 O B I 0 0

Base NP transtormation to a classification task

https://byteiota.com/pos-tagging/



2007 [TextRunner] KpaTko 06 yctponcree

3. Redundancy-based Assessor:
“CXJ'IOI'II?.IBaeT" HEeTOYHble OAyonuKaThl was originally developed by =>
N3BJTIEYEHHbBIX N3 BCETO Kopryca TpoeK was developed by
N 3anoMUHaeT O KaXaou,
N3 KaKoro Ymcra npeasioxXeHumn Kaxaas
N3Brie4YeHa; Ha3Ha4YaeT BEPOSATHOCTU

CpaBHuBanu ¢ gpyron “He BnosiHe unsupervised”

CUCTEMOMN, KOTOpas u3Brnekana pakTbl U3 Beda, B | Jeae
o Error rate | Extractions

KnowltAll: 3adpukcmposanun 10 oTHOLWEHNI TEXTRUNNER | 12% 1476

KNOWITALL 18% 11,631

(count > 1000 B 9-Munn. NHTEPHET-KOpPNyce)

Table 1: Over a set of ten relations, TEXTRUNNER achieved a
33% lower error rate than KNOWITALL, while finding approx-
imately as many correct extractions.

OcTanbHon aHanu3s -- B ctaTbe
12



2011 [ReVerb] Fader, Soderland, Etzioni

Identifying relations for open information extraction. 1441 unrata EMNLP2011

e Ha TOT MOMEHT -- HOBbIN MOLLUHbIN SOTA
e TextRunner un WOE

o  3BpPUCTUKAMK pasMedanu NogKopnyc

o  obyyanu nsenekaresnb oTHoLeHuN (~ relation, predicate)

o Ansa napbl KaHOUOATOB apryMeHToB (MMeHHbIX rpynn, NP)
n3BnekaTenem BblAeNnsanM YacTb NpeanoxeHus kak relation

...KaK crneacreme -- MHOro LWymMa, U pacnpeneneHme Tpoek qakTuyeckn
3agaHo npaBunamMm-3aBpUCTMKaMn; ecTb 1 Npobrnema “nofioMaHHbIX” TEKCTOB

ReVerb

1.  HanTtu oTHOLWeEHNSA, yooBNETBOPAIOLLME CUHTAKCUYECKUM U JIEKCUYECKUM OrpaHUYEeHUAM
2. [lopobpatb ansg HUX umeHHble rpynnbl (NP) kak aprymeHTbl

3. OueHunTb “yBEepeHHOCTb” B MOCTPOEHHOW TPOMKE C MOMOLLIbIO JTOTMCTUYECKOW perpeccum

13


http://reverb.cs.washington.edu/emnlp11.pdf

2011 [ReVerb] CuHTakcu4veckme orpaHn4eHUs

V | VP | VW*P [locne yactepeyHon pasmMeTKn OTHOLLEHME
V = verb particle? adv? OOJDKHO yAOBIETBOPATb perynapHomMy
W = (noun | adj | adv | pron | det) BEIPKEHI0
P = (prep | particle | inf. marker) OrpaHuyeHmne -- o4eHb CTPOroe, OnbIT nokasar,
The syntactic constraint requires the relation H4TO MOXET TepATbCA 15% vn3BneveHuu
phrase to match the POS tag pattern shown in Fig-
ure 1. The pattern limits relation phrases to be either 3aTo TOorga He 6yueT TaKunx crny4yaes:
a verb (e.g., invented), a verb followed immediately
by a preposition (e.g., located in), or a verb followed The syntactic constraint eliminates the incoherent

by nouns, adjectives, or adverbs ending in a preposi-
tion (e.g., has atomic weight of). If there are multiple
possible matches in a sentence for a single verb, the
longest possible match is chosen. Finally, if the pat-
tern matches multiple adjacent sequences, we merge
them into a single relation phrase (e.g., wants to ex-
tend). This refinement enables the model to readily

handle relation phrases containing multiple verbs. A TEXTRUNNER returns the extraction
(Arbor Health Care, for assumed, Ylebt).
\\/

relation phrases returned by existing systems. For
example, given the sentence

Extendicare agreed to buy Arbor Health Care for
about US $432 million in cash and assumed debt.




2011 [ReVerb] Jlekcnyeckne orpaHnyeHuns

...HO 3aaHHOE perynﬂpKof/'l npaBnIi1o The Obama administration is offering only modest
6yueT n3BrneKkaTb nog4yac CrnuLlKoOMm greenhouse gas reduction targets at the conference.

egKkne n anmHHble OTHOLLIEHUS!
bea a \The POS pattern will match the phrase:

XoTenochb Obl n3BreKaTb OTHOLLEHUS,

is offering only modest greenhouse gas reduction targets at

KOTOpPbI€ MPUCYLLIN CaMbIM pPa3HbIM
napam apryMeHToB

1) Habepém 3apaHee kaHOMOATOB B NpeauKaThl,
2) noabepém Ans HUX cocegHne MMEHHbIE rpynnbl Kak apryMeHThl,
3) 3anoMHMM TOMbKO T€ OTHOLLUEHUSI, C KOTOPbLIMM NonagatoTcd
He MeHee k = 20 pa3rnMyHbIX Nap aprymMeHToB,
4) wx ganee n byoem nsBnekaTb.

15



2011 [ReVerb] Utor

Comparison of REVERB-Based Systems

Precision

0.2+ === REVERB
—— REVERB /€%
+++ TEXTRUNNER-R
00 1 1 1 1 1 1
0.0 0.1 0.2 0.3 0.4 0.5 0.6
Recall

Figure 3: The lexical constraint gives REVERB
a boost in precision and recall over REVERB .
TEXTRUNNER-R is unable to learn the model used by
REVERB, which results in lower precision and recall.

e [1ns oueHKn yBepeHHOCTH
NOrMCTUYECKON perpeccuen
NCNOMb3YHTCSH BPYYHYHO
noarotosneHHblie npuaHakm 1 1000
pa3MeYeHHbIX NPeanoXeHumn

e W3BneveHuns ns 500 npeanoxeHumn
OLIeHMSIN acceccopsl

In sum, our model is by no means complete.
However, we have empirically shown that the ma-
jority of binary verbal relation phrases in a sample
of Web sentences are captured by our model. By



2012 [OLLIE] Mausam, Schmitz, Soderland, Bart, Etzioni

Open Language Learning for Information Extraction 783 untatsl EMNLP2021

[MpeaLwecTBEHHUKM OPUEHTUPYHOTCA TOMbKO Ha rMarosbl Kak Ha npeankaTbl U He
OTNNYaloT, HAaNPUMepP, KOCBEHHYIO pedb OT dhakTorpadunyeckon nHdbopmaumm

OLLIE ueneHanpaBneHHO
9TO ncnpasnser

Lea nlng
1 T allllng Data

ReVerb Bootstrapper Open Pattern
Learning
Seed Tupl Pattern Templates
k ee...up = } o e
’lll .'J- - EN

1

1-*Sentence —s Pattern Matching—Tuples—s Context Analysis—Ext. Tuples

.

17


https://aclanthology.org/D12-1048.pdf

2012 [OLLIE]

W = WOE
R = ReVerb
O = Ollie

MHormne oTHOLLIEHNS HE nojg, cuny
ReVerb n WOE

WOE paboTaeT noxoxmm Ha
OLLIE obpasom: mileT B TEKCTE
BUKMNEANN 00bEKTbI N3
NH(POOBOKCOB U NbITAETCHA BbIBECTU
npasuna U3Bre4YeHns Ha OCHoBe
CUHTaKCUYEeCKNX AePEBLEB

. “After winning the Superbowl, the Saints are now

the top dogs of the NFL.”
O: (the Saints; win; the Superbowl)

. “There are plenty of taxis available at Bali airport.”

O: (taxis; be available at; Bali airport)

. “Microsoft co-founder Bill Gates spoke at ...”

O: (Bill Gates; be co-founder of; Microsoft)

. “Early astronomers believed that the earth is the

center of the universe.”
R: (the earth; be the center of; the universe)
W: (the earth; be; the center of the universe)
O: ((the earth; be the center of; the universe)
AttributedTo believe; Early astronomers)

. “If he wins five key states, Romney will be elected

President.”
R,W: (Romney; will be elected; President)
O: ((Romney; will be elected; President)
ClausalModifier if; he wins five key states)




2012 [OLLIE] Bootstrapping

3.

ReVerb n3BnekarwTcs TPONKu n3 Beb-
kopnyca ClueWeb

OcTaBngarT TONbKO Te,

a. KoTopble BCTPETUMNNCH XOTS Obl ABaXAbl U
b. y KOTOpPbIX aprymMeHTbl -- UMeHa COOCTBEHHbIE

[enaem 3anpoc B KOprnyc co crioBamu 13
KaXxQown TPorKkn (18 MNH. NnpeanoxXeHui)

T. 0. UMeeM pa3nn4yHble BapuaHThbl

doOopMYNMPOBOK OOHUX U TEX Xe (PaKToB
(He Bcerga Tak, HeKOTopoe oTbpackiBaeM 3BPUCTUKaAMMN)

Paul Annacone is the coach of Federer

(Paul Annacone; is the coach of; Federer)

Query: Paul, Federer, Annacone, coach

e.g.. Now coached by Annacone,
Federer is winning more titles than ever

19


http://lemurproject.org/clueweb09.php

2012 [OLLIE] Open Pattern Learning

Kak u B WOE, ctpoum
npaBuna N3BneyYeHus
NHTEpeCyLMX Hac BeLlen
C NMOMOLLIbIO CUHTaKcuUca

N NEKC. orpaHNYeHnmn
(MHOroO TOHKOCTEN, TaK YTO
6e3 nogpobHocTeNn)

|
nsubj ccomp
@ scheduled_VBN

complm prep_until
auxpass
nsubjpas prep_for

O B
YT Y Y =

(the 2012 Sasquatch Music Festival; is scheduled for; May 25th)

Extraction Template

Open Pattern

1. (argl; be {rel} {prep}; arg2)

{argl} Tnsubjpass] {rel:postag=VBN} |{prep_x}| {arg2}

2. (argl; {rel}; arg2)

{argl} TnsubjT {rel:postag=VBD} |dobj| {arg2}

3. (argl; be {rel} by; arg2)

{argl} Tnsubjpass] {rel:postag=VBN} |agent| {arg2}

4. (argl; be {rel} of; arg2)

{rel:postag=NN;type=Person} Tnn] {argl} |nn| {arg2}

5. (argl; be {rel} {prep}; arg2)

{argl} Tnsubjpass] {slot:postag=VBN:lex cannounce/name|choose...}

20



2012 [OLLIE] Results

...Context analysis -- yacTU4yHO NpaBuna, 4YacTU4HO norper

A -OLLIE
0.9 ReVerb
..... WOEP9"*¢
5 0.8
L]
K]
@ 0.7
o
0.6
0.5 v T - v v o
0 100 200 300 400 500 600
Yield

Figure 5: Comparison of different Open IE systems. OL-
LIE achieves substantially larger arca under the curve

than other Open IE systems.

Relation OLLIE |REVERB|incr.

is capital of | 8,566 146 DUX
is president of| 21,306 1,970 | 11x
is professor at| 8,334 400 21x
is scientist of 730 5 146x

Figure 6: OLLIE finds many more correct extractions for
relations that are typically expressed by noun phrases —
up to 146 times that of REVERB. WOEP*"*“ outputs no
instances of these, because it does not allow nouns in the
relation. These results are at point of maximum yield
(with comparable precisions around 0.66).
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2012 [OLLIE] Results

2 OLLIE
osd e OLLIE[Lex]
= OLLIE[syn]
g 0.6 + Y.
K] R .
o ‘-'..-..
@ 0.4 4 .
o
02 -\/L/‘/‘ﬂ\____
0 1 ¥ o z B s
0 10 20 30 40 50 60
Yield

Figure 7: Results on the subset of extractions from pat-
terns with semantic/lexical restrictions. Ablation study
on patterns with semantic/lexical restrictions. These pat-
terns without restrictions (OLLIE[syn]) result in low pre-
cision. Type generalization improves yield compared to
patterns with only lexical constraints (OLLIE[lex]).

1 -
OLLIE
0.9 4 - =OLLIE[pat]
5 0.8 -
@ -
§ 074 -~~~ Ne ™
o ] " - -~
NS
0.6 4
0.5 ¥ T £ - T )
0 100 200 300 400 500 600
Yield

Figure 8: Context analysis increases precision, raising the

arca under the curve by 19%.
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2016 [OpenlE-4] Christensen, Mausam, Soderland, Etzioni, Pal

An Analysis of Open Information Extraction based on Semantic Role Labeling”. KCAP2011
“Demonyms and Compound Relational Nouns in Nominal Open IE” AKBC workshop at NAACL2016

github: knowitall/openie UJTN allenai/openie-standalone (use with care)

e HacneaHuk Ollie, BaxHbI Ben3namH, KOTOPbIN HE Tak-TO U NPOCTO NOOUTb
e fBnsetca kombuHaumen SRLIE (2011)...

BbiBogbl 00y4veHHbIX Ha PropBank SRL-moaenen npeobpasosbiBatoTcs nofd 3agady OpenlE v npu
HeorpaHM4YeHHOM BpeMeHU paboTbl paboTatoT NpeKkpacHo; eLwé ny4ywe, ecnm kombuHuposatb ¢ TextRunner

arg) Eli Whitney argl) Eli Whitney A0  Eli Whitney
rel created ' rel created (drgl) in Vs verb created
argl the cotton gin argl the cotton gin Al the cotton gin
arg2 1793 temporal in 1793

binary tuple n-ary tuple

23


https://github.com/knowitall/openie
https://github.com/allenai/openie-standalone

2016 [OpenlE-4]

...n Relnoun

Horga oTHoweHus cpopmMmynupoBaHbl He B oopMaTe nogrexallee-ckasyemoe-

OOMNoJIHEHUNE

Phrase

RELNOUN 1.1

RELNOUN 2.2

“United States President Obama”
“Seattle historian Feliks”

“Japanese foreign minister Kishida”
“GM Deputy Chairman Lutz”

(Feliks, [is] historian [of], Seattle)

(Obama, [is] President |of], United States)
(Feliks, [is] historian [from], Seattle)
(Kishida, [is] foreign minister [of], Japan)
(Lutz, [is] Deputy Chairman [of], GM)

Table 2: Comparison of RELNOUN 1.1 and RELNOUN 2.2 on some phrases

[MpaBuna n 6yTCTpenmnumHr

24



[aTtaceTbl n 6eHYMapku
a. OIE2016
b. WiRe57
c. CaRB
d. WHoe

Mo6egHbIn MapL rnybokoro obyyeHus
a. SpanOIE
b. IMoJIE
c.  Mult"20IE
d. OpenlE6

A 4TO C PyCCKUM A3bIKOM?

BakHble paboThl, 0 KOTOPbLIX HE FTOBOPUINU

25



OTCTyI'IJ'IeHI/Ie: NOoroBopmMM O AaHHbIX

e HecmoTpsi Ha TO, YTO HEKOTOPbLIE cnMCcTeMbI Ha npaBunax B OpenlE -- cunbHble
bensnanHbl, cenyvac 6€3 HenocpeaCTBEHHOIO 0by4YeHNs1 B U3BNEYEHUN
OTHOLLIEHUI HMKYAa

e [louyTn BCce paccMOTpeHHble paboThl (M YacTb APYrnX, CM. KOHeL
Npe3eHTaLmn) cYMTanm oLIEeHKN KadecTBa No-pa3HOMY U Ha pa3sHbIX
TECTOBbIX BblOOpKaXx

[MpumepHo ¢ 2016 roga Bce

e 0Oy4aeTcsa Ha CUHTETUKE U
® OLEHMBAETCS Ha OOHUX U TEX e TECTOBLIX BbIDOPKaxX OaQHUMMU

N TEMUN XKe CKPpUNTamu (I/IJ'II/I NX anrpep,aMM)
26



2016 [OIE2016] Stanovsky & Dagan

Creating a Large Benchmark for Open Information Extraction 85 untat EMNLP2016

e MoTtuBauyus:
O  [aBHO BblN HYXXEH eAuHbIN gaTaceT AN OLEHKM -- 1 BorbLue, Yem npoyne,
O  ...aTaKKe eduHbI cnocob OLEHKN,
@) ...KOTOprVI Obl opmneHTmnpoBasicAa B TOM HMCI1€ U Ha NOJIHOTY.

e Baanu cpaBHuTenbHO 6onbluon Habop gaHHbIX QA-SRL
n npeobpasosanu ero B gatacet ans OpenlE, OIE16

e BwmecTe ¢ HUM BbINYCTUINM CKPUNT OLIEHKM KavyecTBa: gabrielStanovsky/oie-benchmark

e Heckonbko net 661N 3010TbIM CTaHOapToOM, UCMONb3YOT A0 CUX MNMOopP
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https://aclanthology.org/D16-1252.pdf
https://github.com/gabrielStanovsky/oie-benchmark

2016 [OIE2016] YTOYHEHME NOCTAHOBKM 3ada4un (HakaHeuTa)

[Mpucywimne Bcem bonee paHHUM CUCTEMAM
cBoICTBa, BaxHble ansa OpenlE: (Sam; succeeded in convincing; John)

1.

(Sam; convinced; John)
Assertedness. /13Bne4€HHOE OOMKHO / (John; could not join; the band)
noaTBepXaaTbCa TEKCTOM, HUKAKUX
nogpasymeBaeMbIX CMbICNOB. B npegukatbl

Bell distributes electronic and building products
BXO4AT not n MoaarnbHble rnaronbl

/ (Bell, distributes, electronic products)

Minimal propositions. Yem meHbLLE (Bell, distributes, building products).
N3BIEYEHO, TEM Ny4yLle -- HOo 6e3 noTepu
NHopMaLumn

C let d lexi tence. In practice, most current Open IE systems
ompléeteness and open iexicon. limit their scope to extracting verbal predicates, but

MakcumanbHoe Y1cno npono3nuum — consider all possible verbs without being bound to a
N3 TEeKCTa, XenartenbHo 0e3 NPUBA3KN pre-specified lexicon.

K Hanepén 3agaHHbIM CrioBapsim -



3 Kpoccndpn "o moruBam no33mm Iymsna”,

Ilo ropuzonranu:
2. A MaTb rpO3UT €My BO 4YT0?
4. A KTO rpO3UT €My B OKHO?

ITo BepTHkan:
1. A MaTb Yero eMy B OKHO?
3. A MaTb I'PO3UT KOMY B OKHO?
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3 Kpoccndpn "o moruBam no33mm Iymsna”,

Ilo ropuzonranu:
2. A MaTb rpO3UT €My BO 4YT0?
4. A KTO rpO3UT €My B OKHO?

ITo BepTHkan:

FAMaTYero-eMy B ORHO2-

3. A MaTb I'PO3UT KOMY B OKHO?
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2016 [OIE2016] Kak aTo caenaHo

SRL yacto paccmarpuBaeTcs Kak 3agadva
oTBeTa Ha role questions

B QA-SRL (He et al. 2015) 3200 npegnoxeHun,
K KaxQoMy npeaukaTy KaXKaoro npearnoxeHus

Consider the sentence “Giles Pearman, Mi-
crosoft’s director of marketing, left his job” and the
target predicate left. The QA-SRL annotation con-
sists of the following pairs: (1) Who left something?
{Giles Pearman; Microsoft’s director of market-
ing} and (2) what did someone leave? his job.’

€CTb CIMNCOK BOIMNpPOCOB, K KaXXAO0MY BOIPOCY €CTb CIMMNCOK OTBETOB

B QA-SRL -- npegukatbl n aprymMeHThbl, HO He 8riofiHe nogxoasiwme nog 3 TpeboBaHus

Ho HeckonbKkMMKU NPOCTLIMK NpaBunamMm CTPOSITCS TPOWKKU; Hanpuvep,

® B Ka4yecCTBe apryMmeHToB HEe pacCMatTpmnBakoTCA MECTOUMEHNA,

e KopedepeHUnsa He paspeLllaeTca U T. 1.
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2016 [OIE2016] Kak 3TO oueHMnBaTb

N1or: 10,359 Open IE extractions
over 3200 sentences from 2 domains
(Wall Street Journal & Wikipedia)

Cyaqa no ckpunTty*, U3BrNe4YEHHOE COMNMOCTaBIsIETCS
“30NM0TON” TPOWNKE TONLKO €CNK

1.  XOTS Obl YETBEPTL™ TOKEHOB B TPOWKE
coBMajator,

2. eCTb nepece4veHne xotda 6bl N0 OgHOMY
“OCMbICITEHHOMY” TOKEHY B rnpegukarte

[ons yragaHHbIX

® OTHOCUTEJIbHO 30J10TOro CtaHgapTa -- NoJiHoTa
® OTHOCUTENBbHO YMcna N3BMNEYEHHbIX -- TOYHOCTb

=] )
S
~ 041 —e— OLLIE
— —vy— ReVerb
—a— ClauslE
0.2 F\"* —»— OpenlE-4 |
—<— PropS
e Stanford
0.0 l '
00 02 04 06 08 1.0
Recall

3. Stanford Open IE assigns confidence of 1 to
94% of its extractions, explaining its low pre-
cision.
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2018 [WiReb57] Léchelle, Gotti, Langlais

WiRe57 : A Fine-Grained Benchmark for Open Information Extraction
(Proceedings of the 13th Linguistic Annotation Workshop)
arxiv: 1809.08962 github: rali-udem/\WiRe57

MoTuBauusa -- Takasa xe

[Noka3aHbl HegocTaTkn OIE2016

Pa3obpaHbl 57 npeanoxeHun n 347 KopTexen
[MpennoXxeH HOBbIM CNOCO6 OLEHKU

OnybnunkoBaHa becLieHHasa MHCTPYKLINSA NO Pa3METKE
[TlepecMOTpEHbI NPeXHUe pe3ynbTaThl

" Wi Re = 3 Tekcta 13 Wikipedia + 2 u3 Reuters
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https://arxiv.org/pdf/1809.08962.pdf
https://github.com/rali-udem/WiRe57
https://docs.google.com/document/d/1NKr1dPReuMg9PZ4kz5X5QRXcHcup4RMkeocARp-jhik/edit

2018 [WiRe57] Kputnka OIE2016

QA-SRL npuBA3aH K KOHKPETHbIM
npeaukaram, NnosToMmy TepseTcs
4aCTb OTHOLLEHWUM

N3 QA-SRL npoHuknu cnoea,
KOTOPbIX HET B UCXOOHbIX AAHHbIX

B npumepe B ctatbe rnaronsl said,
overcome pacCcMOTpPeHbI (Tak Kak K HAM
ecCTb Bonpockl B AaHHbIX QA-SRL), a is --
HET, NPX 3TOM is-a -- BaXXHOE OTHOLLEHNE

pressed facts in the end. For instance, the uninfor-
mative triple (a manufacturer ; might get ; some-
thing) 1s generated from the sentence “...and if
a manufacturer is clearly trying to get something
out of it ...”, with the same added “might”.
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2018 [WiRe57] Kputnka OIE2016 (6baanbdar)

OIE2016 He wTpadyyeT 3a CINLLKOM
N30bITOYHbIE N3BMNEYEHUS N 3a
nonagaHne TOKeHa U3 OTHOLUEHUA B
aprymMeHT

Jlerko xakHyTb KOOOM B 25 CTPOK: ecrnu
npeanoXeHue -- NocrneanoBaTeNnbHOCTb
TOKEHOB W W, ...W _, TO CKDUMT, KOTOPbIN
bygeT reHepmpoBaTb BCe TPOWKM Buaa

(Wy; W ;W,...W )
(Wyw, w,;w,..w )

BCcex nobeaut

Precision

Stanford
OpenlE-4 ||
PropS
OLLIE
ClauslE
Munchkin
ReVerb

0.0 0.2 0.4 0.6 0.8 1.0
Recall

Figure 1: Performance metrics must take span preci-
sion into account. The 25-line long Munchkin script
returns variations of the full sentence (with decreas-
ing confidence) and is not penalized by the evaluation
script of the latest benchmark (Stanovsky and Dagan,
2016). Its superior performance is artificially inflated.
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2018 [WiRe57] Scorer

OLl,eHI/IBaI-OT Ka4eCTBO, NCMOJIb3yA OLUEHKN
B TOM 4NCJ1€ Ha YypPOBHE TOKEHOB

To4yHOCTb -- O0N4 npaBuiibHO
BblAEJIEHHbLIX TOKEHOB B MNnpegcka3aHnn

NMonHoTa -- gongd NnpaBUIibHO BblAEJIEHHbLIX
TOKEeHOB B 30J10TOM CTaHOapTe

Cuntaem BO3MOXXHO coBnagarowmmu,
eCInv B npeaukaTte n nepBbIX ABYX
apryMeHTax eCTb COOTBETCTBYHOLLME
nepeceveHns XoTs bbl N0 0A4HOMY TOKEHY

Bblyncnsgem ana takmx F1 n xxagHo
MUCKITHOYaeM OT Ny4LIUX K XyALnm

A predicted tuple ¢; may match a reference tuple
g; from the same sentence if they share at least one
word from each of the relation, first and second
arguments, that is iff (wg, , Wy, W, ) exist such that
wy € g;' NE', wr € g7 NE] and wy € g5* N2

L) Zk;|t'1i)kﬂg7pk|
precision(;, gj) = 4] '

(2
Zk; |t€k A gfkl

|95
2pr

p— P+T.

recall(t;, g;) =

Fy
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2018 [WiReb57] NTtorosaga oueHka

m(i) -- PYHKUKNS, CONOCTaBNAKLLAS n
HaLL >KaaHblii BbIGOP E (Zk 7% N qm(z)|)
&% 1
T. e. nMeem 4TO-TO Bpoae Precisiong, = o
2. [til

micro-averaging, UCnonb3ys

KoJin4yeCTBO TOKEHOB BMeCTO k
.. = (el ngl)
KorminyecTtBa M3BJ1ie4HeHHbIX

KopTexen recallsys = N

QMZ
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2018 [WiRe57] CobcTtBeHHO garacer

5 JOKYMEHTOB, 57 npeasioxxeHumn, 347 kopTexen-n3sriedyeHnm

BcTaBneHbl (B KBagpaTHbIX CkobKax) CrioBa,
HY>XHbl€ 419 OCMbICIIEHHOCTN U3BMNEYEHHOIO
KOopTexa, KOTOPbIX HET B UCXOAHOM
npeanoXxeHun [scorer He Ucnonb3yeT]
[NMomeyeH pakT “HenpsaAMoro” BbliCKa3bliBaHUA
PaspeLwleHa kopedepeHuns

[scorer He ucnonb3yeT]

£BHO BbINOSIHEHA TOKEHM3aUMNS
[MpocTaBreHbl COOTBETCTBUS TOKEHAM

B UCXOLAHOM NpeasioKeHNn, eCnmn 3To
BO3MO>XHO

[1na BOCNpOM3BOAMMOCTU BbINTOXEHbI
npencKasaHns HECKONbKUX CUCTEM

Two annotators (authors of this paper) first in-
dependently extracted tuples from the documents,
based on a first version of the annotation guide-
lines which quickly proved insufficient to reach
any significant agreement. The two sets of an-
notations were thén merged, and the guidelines
rectified along the way in order to resolve the is-
sues that arose. After merging, a quick test on
a few additional sentences from a different doc-
ument showed a much improved agreement, more
than half of extractions matching exactly and the
remaining missing a few details. The guidelines
are detailed in the next sections.
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https://github.com/rali-udem/WiRe57/tree/master/data

2019 [CaRB] Bhardwaj, Aggarwal, Mausam

A crowdsourced benchmark for open IE 9 untat EMNLP2019
github: dair-iitd/CaRB

OIE2016 n RelVis nmetoT cxoxume npobnembl B AaHHbIX U “CKOPUHTE”,
WIiReb57 xaaHo conocTtaBnsaeT 1 BoOOLLE CIMULLKOM MareHbKNI

Kpayacopcuur! Amazon MTurk, pa3ameTka B Tpu wara:
o identifying the relation,
o identifying the arguments for that relation, and
o optionally identifying the location and time attributes for the tuple

[ToTOM cBepka co cBoen pasmeTkon 50 npeanoxeHumn

Hasa oueHka KadecTBa (CM. ganbLie)
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https://aclanthology.org/D19-1651.pdf
https://github.com/dair-iitd/CaRB

2019 [CaRB] OueHka kayecTBa (scoring)

Bce aprymeHTbl, Ha4YMHasi co BTOPOro, o6beanHAKTCS B OAMH (Kak 1 Be3ae)

OueHka:

1.  [Anga kaxaoow napbl N3BIEYEHUN BbIYUCIISEM TOYHOCTb U NMOSHOTY MO TOKEHAaM;
MaTpuULbl: KOFTIOHKU -- NpeacKa3aHusi, CTPOKMU -- 30510TON cTaHaapT

2. [lonHoTa = cpegHas MakcumarnbHas nonHoTa No CTpoKam

3. TO4YHOCTb = cpeaHsist TOYHOCTb MPU XKagHOM CONOCTaBNEHUN

4. Tlpun atom -- tuple match, a He o6beagnHeHne Bcero B oanH MeLokK, kak B OIE2016

3ayem multi-match ansa nonHoTbLI?
He HakasblBaeM 3a CrnunsHue MHopmauum n3 Heck. gold-koptexxen B OOMH npenckasaHHbIN

NMo4yemy single-match ana TouHocTn?
B CaRB kopTexun atomapHbl, pasgensaTb HemMb3da + NoMoraeT OT N30bITOYHbIX KOPTEXEN
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2019 [CaRB] OueHka kayecTBa (scoring)

Cuctemon Ne1 nHdpopmauus
He yTepsiHa, NO3TOMY 34eCb

nonHota = 1, a y cMctemsl
No2 -- MmeHbLue

CnpaBeanMBoe HakasaHue
3a nepenyTaHHble
aprymeHThl

N

\

R I ate an apple
Sentence atd el nge. (prec,rec)
Gold (I; ate; an apple) | 1p7016 | CarB
(I; ate; an orange)
(I; ate; an apple
System 1 and an orange) (1,0.5) (0.57,1)
System 2 | (I; ate; an apple) (1,0.5) (1,0.87)
Table 2: One-to-One Match vs. Multi Match
Sentence | [ ate an apple. (prec,rec)
Gold (I; ate; an apple) | OIE2016 | CaRB
System | | (I; ate; an apple) | (1,1) (1.1)
System 2 | (ate; an apple; I) | (1,1) (0,0)

Table 3: Tuple Match vs.

Lexical Match
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‘igure 1: Comparison of Open IE systems using
JIE2016
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Figure 2: Evaluation of Open IE systems using CaRB

2019 [CaRB] lNepectaHoBKa!

HewnsmeHHbl Tonbko ycrnexu OpenlE4

[TosBanu 4-x aHHoTaTopoB ¢ MTurk, npoLuenLumnx
obyuyeHune, 1 NoNpPoOCUNN UX CPaBHUTb BbIBOAbI
ClauslE n PropS Ha 100 npegnoxeHunax

Co cuétom 69:15 (16 -- HMYLKM) Nnobeauna
ClauslE, 4yTto nuwHUM pa3 Banugupyet
npepnsnioXXeHHbIU 6eHYMapK
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EqumapKM, KOTOpPbIE TaKXe NnpeactaBiidAioT MUHTEPEC

2017 | RelVis Schneider R. et al. 1707.07499 SchmaR/RelVis | 4522 sentences and
Analysing Errors of Open Information (nycTo, a BUAEO 11243 n-ary tuples,
Extraction Systems //Proceedings of the

: e HEeAOCTYIMHO) 6onblas YacTb U3
First Workshop on Building Linguistically .
Generalizable NLP Systems. — 2017. — C. OIE16, HO Apyrov CKOpUHT
11-18.

2020 | Re-OIE2016 | Zhan J., Zhao H. Span model for open 1901.10879 zhanjunlang/ lMepepasmeyeHHbIn
information extraction on accurate Span_OIE OIE2016, ero KpuUTUKYIOT
corpus //Proceedings of the AAAI 3a He afeKBaTHylo 3aaaqe
Conference on Atrtificial Intelligence. — 06paboTKy COUMHEHNS
2020. — T. 34. — Ne. 05. — C. 9523-9530. (coordination)

2021 | LSOIE Solawetz J., Larson S. LSOIE: A 210111177 Jacobsolawetz/ QA-SRL 2.0,

Large-Scale Dataset for Supervised large-scale-oie nepenenaHHbii B OpenlE;
Open Information Extraction OTNNYHas oT 6onee
//Proceedings of the 16th Conference of paHHUX [aTaceToB
the European Chapter of the Association nonuTuka; 3ato B 20 pas
for Computational Linguistics: Main 6onbLUe
Volume. — 2021. — C. 2595-2600.
LSOIE-wiki  Wiki, Wikinews 24,296 56,662
LSOIE-sci Science 47998 97,550



https://arxiv.org/abs/1707.07499
https://github.com/SchmaR/RelVis
https://www.youtube.com/watch?v=Hs87hIe-HE
https://arxiv.org/abs/1901.10879
https://github.com/zhanjunlang/Span_OIE
https://github.com/zhanjunlang/Span_OIE
https://arxiv.org/abs/2101.11177
https://github.com/Jacobsolawetz/large-scale-oie
https://github.com/Jacobsolawetz/large-scale-oie

3.

Mo6egHbIn MapL rnybokoro obyyeHus
a. SpanOIE
b. IMoJIE
c.  Mult*20IE
d. OpenlE6

4. A 4TO C pyCCKMUM SA3bIKOM?

9.

BakHble paboThl, 0 KOTOPbLIX HE FTOBOPUINU
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OTcrynneHwne: gea noaxona k OpenlE

Generation: nopoxaeHue rno cro.y 3a pas

+ noseonseTr 6opoTbCH ¢ Npobnemon n3bbITOYHOCTU BbIBOOA
- U3BNeYeHune, Kak npaBumno, o4eHb MeaneHHoe

[Mpumep: IMoJIE, CopyAttention

Labeling: kaxxgoe crnoBo nomevaeTcd Kak 04HO U3:
S (subject), R (relation), O (object), N (none)

+ MN3BMEYEHME NPONUCXOAUT ObICTPO
- MHOro aybnuposaHusi 1 n3dbITOYHOCTH,
KayecTBO, KaK nNpaBuno, HWxe

[Mpumep: RnnOIE
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2019 [SpanOIE] Junlang Zhan, Hai Zhao

Span Model for Open Information Extraction on Accurate Corpus
arxiv:1901.10879 github: zhanjunlang/Span_OIE

3amblcern: Bblgensem

1) noTeHuuarnbHble OTHOLWEHUS (T.€. relation, predicate, etc.)
KaK y4acTKU npeanoXeHus,

2) 3aTeM MnbiTaeMca KnaccndumuympoBaTb OCTallbHble Yy4aCTKU
Kak aprymeHThbl (subject & object)

Horga BbigensatoT B OTAENbHLIM Span-based-nogxoa

(Takke B aTon pabote npeacrtasnaoT Re-OIE2016)
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https://arxiv.org/pdf/1901.10879.pdf
https://github.com/zhanjunlang/Span_OIE

2019 [SpanOIE] Nepebop noacTpok

[MepebupatoTcs NoaCTPOKU
Ong noucka npegukara, 3atem
ONS NPOYNX apryMeHToB

B xone oby4eHust ecTb
orpaHun4eHuna Ha nepebop
“yyacTkoB”: ONMHa, nepeceyeHne
c “y4yacTtkoMm” npeauvkara,
CUHTaKCU4YeCKne orpaHnyeHus

argmax SCOREy(i',4"),l € L (1)

(#,3')€S
where
SCORE (i, j) = Po(i, j|l)
_ exp(@(isgi]) @)
Z(i',jf)es exp(o(i’, 5", 1))
and ¢y is a trainable scoring function with parameters 6. To
train the parameters 0, in the training set, for each sample X

and the gold structure Y*, we minimize the cross-entropy
loss:

(X, Y*)= ) —logPy(i, ) (3)
(2,7,) €Y *
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2019 [SpanOIE] Mogens: Bi-LSTM over GloVe

GloVe n ambepavHrn 4actu pedn, dakta

NPUCYTCTBUA B Npegukate u Tuna 3aBUCUMOCTU

x; = emb(w;) © emb(pos(w;))
bemb(p(w;)) & emb(dp(w;))

repeat customers

([): 22

./‘spa'n(s'i:j) — h»i ® hj @ ]li + h,j
®hi — h;

1[3]: [4]:[3]44]:[3] 4] {[5]:[6]:[5]46]:[5]{6]}

Mpeacraenenunsa no gBym HanpaeneHusam biLSTM koHkaTeHupytoTca B h,
a noToMm 3Tu h ons kpaés y4acTka i U j KOHKaTeHUPYOTCH BOT Tak:

JInHenHbIn cnoi n
codbTMaKC Ans Kaxaoro
paccmaTtpuMBaemMoro
yyacTtka

prices A/

atreduced

a
([7]:[9]3[7] {al:[7]{9]3

I ol [ l =i
. k& 5 & 5 e PRy PE— Y 6 7 e i & 9
| | | | L L] i |
1 | Lo r r 1 1T 1
{1
@3) [e9) @) (e0) (e9) (e0) (e0) .
Repeat customers can purchase luxury items at reduced prices



2019 [SpanOIE] PesynsraThl

1.0
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Figure 2: The P-R curve of different Open IE systems on
OIE2016

Precision
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Figure 3: The P-R curve of different Open IE systems on Re-

OIE2016
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2020 [IMoJIE] Kolluru, Aggarwal, Rathore, Mausam, Chakrabarti

lterative Memory-Based Joint Open Information Extraction 7 untat ACL2020
arxiv: 2005.08178 github: dair-iitd/imojie

[MosnumoHnpytoT cebs kak ynydweHune CopyAttention (no cyTtu, seq2seq)
[Mpobnemsbl CopyAttention:

O  He YYMTbIBAET, YTO U3 ONINMHHbIX NpearoXeHnn obbl4YHO BorbLue N3BNEYEHUHN,
o ‘“saukaeTtcsa’ -- nopoxaaeT n3bbIToYHbIE pe3ynbTaThl U3-3a UCNONb3oBaHUs Beam Search

...T.e. Hago caenaTth Tak, YTOObl AEKOAVPOBLLMK MOMHUIT, YTO Y>KE U3BIIEYEHO
N3 TEKYLLEro npeanoXeHus

YnydwarT gatacet ans obydeHusi: BMecTto otoopa BbiBoga OpenlE4 --
mexaHmam Score-and-Filter ona oobegnHeHna RnnOIE,
OpenlE4 (Bbicokasa TovHoCTb) M ClauslE (Bbicokas nomnHoTa))
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https://aclanthology.org/2020.acl-main.521.pdf
https://arxiv.org/abs/2005.08178
https://github.com/dair-iitd/imojie

2020 [IMoJIE] Mogenb

contextudalized
wor
e b i T s !
BERT
(CLS) wi w% (SEP) ei 6,1, SEP) eti—l e:'l—l‘sgp; (subj) 1:”‘ extraction
original sentence 1% extraction ... (i — 1) extraction LSTM Decoder
The overall process can be summarized as:
° HaKOHeLI, “Cnonb3yeTcs BERT 1. Pass the sentence through the Seq2Seq archi-
tecture to generate the first extraction.
o rlpOCTO ﬂ,OGaBﬂﬂeM 3M6€D,,D,|/1Hr|/| 2. Concatenate the generated extraction with the
OYepeaHOro N3BMEYEHUS B KOAMPOBLLVK, existing input and pass it again through the
PeA ANpOBLL . Seq2Seq architecture to generate the next ex-
noka He gekogmnpyetca EndOfExtractions traction.
3. Repeat Step 2 until the EndOfExtractions to-
Cpasy SoTa, Ho paboTtaet Jonro ken is generated.
IMOIJIE is trained using a cross-entropy loss
between the generated output and the gold output.




2020 [IMoJIE] PesynbraThl Ha CaRB

System Metric
Opt. F1 AUC LastFl

Stanford-IE 23 13.4 229
OlIE 41.1 22.5 40.9
PropS 31.9 12.6 31.8
MinlE 41.9 -* 41.9
OpenlE-4 51.6 29.5 51.5
OpenlE-5 48.5 25.7 48.5
ClauslE 45.1 224 45.1
CopyAttention 354 20.4 32.8
RNN-OIE 49.2 26.5 49.2
Sense-OIE 142 -* 132
Span-OIE 47.9 - 47.9
CopyAttention + BERT 51.6 32.8 49.6
IMOJIE 535 33.3 533

1.0
0.8 1
S 0.6 1
n
(v
g
0.4+
—— OpenlE-4
024l RNN-OIE
’ —— CopyAttn(+BERT)
—— IMOJIE(AgQ)
0.0 ' ' T T T
0.0 0.1 0.2 0.3 0.4 0.5

Recall

Takke 3HauMTENbHAsA YacTb CTaTby NocBALleHa MeTogy Score-and-Filter, ncnonbaytowemy LenovYmcrneHHoe nporpaMmMmmnpoBaHme
Ans BbIbopa M3BNeYeHWn, N OLEHKE KayecTBa ANng pasHbix KOMOMHaUun mogenen-ucTo4HNKOB oby4atowmnx gaHHbIX. HTepecHo.
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2020 [MultiOIE] Ro, Lee, Kang

Multilingual Open Information Extraction based on Multi-Head Attention with BERT
5 untat EMNLP2020, arxiv:2009.08128, github: youngbin-ro/Multi2OIE

C kakum npuuenom paspabaTtbiBanocs:

e Multi-Head Attention “cmoTput” cpasy Ha BCIo
nocrnegoBaTefibHOCTb, B OTIIMYME OT PEKYPPEHTHbLIX CETEN

e MHoros3sbluHbIM BERT B ocHOBe no3BonseTt pabotatb
C Apyrumu sisbikamm 6e3 obyyeHna Ha AaHHbIX Ha 3TUX A3bIKax

e “HecKornbko MeHee” aBToperpeccuBHOE NopoXxaeHue
N3BINEYEHUIN YCKOPSAET NpeackasaHns

[MepeBenn Re-OIE2016 Ha ncnaHCcKuU 1 NOpPTyranbCKNn
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https://aclanthology.org/2020.findings-emnlp.99/
https://arxiv.org/abs/2009.08128
https://github.com/youngbin-ro/Multi2OIE

* Sentence :< The man was born in 1960 >
* Predicate : < was born >

* Argument0 : < The man >

* Argumentl : < in 1960 >

Torea [ 1P-01 ] 1P-01 | P81 | 111 | P01 P01
T I T I I I

Predicate Classifier

(Y 0 Y [ ) (U T )
—

BERT

-(e[CLS] '-[ethe ]‘[ €man H €was " ebarn\]' €in Fel960 ]" e[SEP] F

Tt & @ f© f @ @& f©
[1cts) |[ The ][ man |[ was |[ bom | in | 1960 |[ iser |

Targ | 140-81 | 1801 || 1a-01 | 1a-07 |[1a1-8) ) 1A1-1 ]
. i ‘ i . i

Argument Classifier

Multi-Head Attention Blocks

VALUE

Position embedding (predicate or not)

pos pos
5 |

pos
€o

pos
JL et

J

s
el

BERT hidden sequence ®
i) 0 Y O O M O )
Predicate average D
{ Parea | Porea || Forea || Forea | Forea | Fprea | orsa | Foea |
b4

Mpouecc noBTOpsAETCA ANA KaXaoro npeankaTta cHoBa



HanommnHaHune

...kak self-attention yctpoeH
B “0O6bIMHOM” TpaHcopmepe

K kaxxgomy ambeaamHry X npuMeHsaeTcs
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2020 [Mult20IE] HemHoro ctpaHHoe self-attention

Query 30echb -- BCA NoaroToeneHHas
nocnenoBaTenbHOCTb

Key 1 Value -- 6epyTca Tonbko 13
“yyacTtka” npegukaTta

X N block

( i-th block

__________________________________

Residual Connection

Position-wise Feed-forward Layer

Layer Normalization

'eB Residual Connection

Multi-Head Attention Layer

- - —

________

ol
o U S s S e T j
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2020 [MultiOIE] PesynbsraTsl

Re-OIE2016 CaRB
AUC F1 PREC. REC. AUC F1

Stanford 115 16.7 - . 13.4 230

OLLIE 313 495 : : 224  41.1

Prop$S 433 642 ! b 126 319

ClausIE 464 642 . . 24 449 . :

OpenlE4 509 683 - - 272 488 - S R use of myy

ention ; ead

RnnOIE 683 787 842 739 | 268 467 556 402 simyc% S superiory,

BIO 719 803  84.1 768 | 277 466 551  40.4 interms ofuf,-:ti?a”"”

BIO+MH 713 815 870 766 | 273 475 572  40.7 Prediate informgtion

SpanOIE 65.8 77.0 797 745 | 300 494 609  41.6

SpanOIE+MH 680 788 831 749 | 302 500 622 418

BERT+BiLSTM | 72.1 813 860 770 | 306 506 613  43.1

Multi2OIE (ours) | 74.6 839 89 810 | 326 523 609 458

’IMoJIE achieved (AUC, F1) of (33.3, 53.5) on the CaRB

dataset.
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2020 [Multi2OIE] Multilingual

Lang. | System Fl PREC. RE€:
ArgOE 43.4 56.6 35.2
Re-OIE2016 nepeBogunu ryrn-TpaHcrienTom EN | PredPau 33:1 53.9 52.3
U YUHUI Multi’OIE | 69.3 66.9 717
ArgOE 394 480 334
CpaBHUNK C A3bIKOHE3aBUCUMbIMU ol o B o
P Multi’OIE | 60.2 594 61.2
cuctemamm -- 2015 n 2016 cooTBETCTBEHHO ArgOE 383 463 327
PT | PredPau 42.9 43.6 42.3
) ~
When the explosion tore through the hut, Multi"OIE 59'1 56'1 62'5
Sentence . . .
Stauffenberg was convinced that no one in the room could have survived.
(e tha explosion; Havg e hud Table 8: Binary extractic?n_ performance without confi-
English (was convinced; Stauffenberg; that no one in the room could have survived) dence scores on the multlhngual Re-OIE2016 dataset.
(could have survived; no one in the room)
(desgarrdé; la explosion; a través de la cabaia)
Spanish (estaba convencido; Stauffenberg; de que nadie en la habitacion podria haber sobrevivido)
(podria haber sobrevivido; nadie en la habitacion)
(rasgou; a explosao; através da cabana)
Portuguese | (estava convencido; Stauffenberg; de que ninguém na sala poderia ter sobrevivido)

(poderia ter sobrevivido; ninguém na sala)




2020 [OpenlE6] Kolluru, Adlakha, Aggarwal, Mausam, Chakrabarti

OpenlEG6: Iterative Grid Labeling and Coordination Analysis for Open Information
Extraction; arxiv: 2010.03147 github: dair-iitd/openie6

SoTA No n3BnevyeHno Tpoek Ansa aHrmMMUNCKoro A3bika
3ambiceni — B3STb nyyllee oT generation u labeling:

1. TMpepnaraloT pelweHue Kak “pasmMeTKy peLueéTku’

2. BBopgAaT A3blkO3aBUCUMBbIE WITPadbl KaK AOMN. cnaraemble
B HeBA3KY (loss)

3. O6yyarT SoTA ansa Coordination Analysis n npumeHsitor
ero K peLweHu1ro

Ut0 3TO BCE 3HAUNT?
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https://arxiv.org/abs/2010.03147
https://github.com/dair-iitd/openie6

2020 [OpenlE6] “PasmeTtka pelwieTkun’: lterative Grid Labeling

@1 ubjecﬂ Relation

Rome |the|capital | of | Italy | is |known|for | it's | rich [history|[is]
Rome |the|capital | of | Italy | is |known|for [ it's | rich [history|[is]

Rome thecapital of Italy is known for it's rich history [is]

M Bo3amoxHOCTEN Ans usereveHusi, N crioB B npeasioxeHum

3amblIcen: pa3meyaTb nocrnenosaTenbHO 3a M waroB ¢ OrfigaKkon Ha NpoLunbIn war



2020 [OpenlE6] YTo 3HAUUT “c ornsaakon™?

-
’

\ Label Embedder |

L L

Lrr\+1.1 Lm+‘|.2 Lm+1.N Lm+1,st1 Lm+1.st2 Lm+1.st3

" Label Classifier |

ILm+11 Ibme12  Ibmst N Ibmetstt Ibmstste Ibm+1sta

Self Attention Layers

A Y
¢ LEm+1,1 LEm+12  LEmsi N LEme1 stiLEm+q stoLEmsq stz A—7p

S T T

N

AR

B1 BN Bst1 Bst2 Bst3

BERT 1
N S
WN sty sty sty

[is] [of] [from]

‘\ 1L 1 L2 II-m_.N ”-m,sl2 ”—m,sl2 ILm st3 "(—'

—

Ha Bxoa 6bepém npeacraBneHms
“cnoB” oT BERT. B koHel nobasnsaem
TOKEHbI, KOTOPbIE Yallle BCEro
npuxogutca gobaenartk: “[is]”, “[of]”,
“[from]”

bracket re.findall(

bracket[0] orig sent:

extraction = extraction.replace(bracket[0], bracket[1])

Uepes aBa TpaHcdopmepa nonyyaem
npeactaeneHuns IL

[MpenckasbiBaem MeTKU: S, R, O, N,
NnpumeHuB K |L NONHOCBA3HBLIN crion



2020 [OpenlE6B] YTo 3HauuT “c ornsgakon”™?

;e “ 3. Ctpoum ambepaamnHru metok LE

¢ l—Em4-1.1 l-Em+1,2 LEm4-1.N LEm+1.st1 LEm+1,st2LEm+1.st3

( Label Embedder

a5 4. ¥ A 4 A 4. CknagbiBaem IL ¢ LE v nepegaém Ha
Lm+1.1 Lm<r'1.2 Lm-'»1,N Lm+1.st1 Lm+1.st2 Lm+1.st3 o o
BXO[ ANA crnefyrowen Takon ntepayum
[ Label Classifier XV
i) P 1t ¢ & % Tak Mbl YYUTLIBAEM Ha KaXKaom nTepaumu,
ILm~1—1,1 ILm+1,2 |Lm+1,N “—m+1,st1 “—m+1,st2 "—m+1‘st3

YTO Mbl yXX€ U3BJIEKITN paHeEe, YTOObI HE
Self Attention Layers

- e e e e e e e .

4 A T A A A NMOBTOPATbCA
% "—m.1 |Lm‘2 ILm,N ”—m,st2 ”-m,st2 |Lm,st3 %
e S S e . PYHKLMA NOTEPb -- CyMMa BCEX KPOCC-
“ee m= o
By B, BN  Bst  Bsp B SQHTPOMNUI C KaXXaoro ypoBHS
BERT
‘Vl‘v \: “LN ST ST s? Confidence scores -- cymma norapudpmos
1 2 1 2 3 o
lis] [of] [from] BEPOATHOCTEN MeTOK (kpome N),

HOPpMaJin3oBaHHasdA No AyfiINHe U3BJ1IEYEHNA 62



2020 [OpenlE6] OrpaHnyeHuns

JKcnepuMeHTbl nokasanu, 4to IGL B unctom Buge Tepset MHOro MHpopmaLunm, Hesrb3as
CTOJSIbKO ynycKaTb!

3amblcen: BbICKaXXeM NoXKernaHusi n ,u,o6a|3|/||v| X B (byHKLI,VII-O noTepb

POSC: Bce cywecTBUTENbHbIE, FNaronbl, npunaratenbHble N Hapevnsa OOSMKHbI ObITb
4YacCTbH XOTSA Obl OAHON U3BNEYEHHON TPOWNKU

MHOMKATOP, YTO Y CrnoBa “BakHast” YacTb peyun

N _imp . 7
e]posc — anl ‘L'fl * pObC'IZ, Where
posc, = 1 — max e ¥amlk)
me[1,M] \ k€{S,R,0}
\ MaKCuMalibHaA BEPOATHOCTb

MaKCUMyM M0 UTepaumsm « ”
MoNy4nTb “HENyCTy” METKy
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2020 [OpenlE6] OrpaHnyeHuns

e HVC: kaxabin “ocmbicneHHbln” rnaron (head verb) [omkeH ObITb
npeacTaBrieH XoTs Obl B HEKOTOPLIX (HO HE BO MHOIMX) Npeankartax

MHOUNKAaTOpP, YTO ABIAETCA “OCMbICNEHHBIM” rNarosiom

tractions. This penalty is,a/ggrcgatcd over head

N
verbs, Jhye = >y TRV - hvey,, where hve, =

1= o) Yo (B

cyMma BeposaTHocTen 6bITb Relation = npeankatom
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2020 [OpenlE6] OrpaHnyeHus

e HVC: nmetb meTky R MOXET Nnu1LLb OONH “OCMbICIIEHHbIN” [1aros
cymma no ATEPALINAM

d

M A
N

Jho ~
hve,, = max | 0, E T s Y (R | —1

e |

Noxo, eCNy Ha JaHHOW nTepaunm No “OCMbICIEHHbIM”
rnaroniam HabepeTca cymma BEpPOATHOCTEN DonbLue
eavHULBbI
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2020 [OpenlE6] OrpaHnyeHus

e EC: Tpoek O0MmKHO ObITb N3BNEYEHO HE MEHbLLE, YEM B NPEANOXKEHU
“OoCMbICINEHHbIX” rnaronos

€ECm — maXnG[LN] (‘CUZU 8 Ymn(R))

M

N
b = ThEg O,g xﬁ”— E €Crm,
il

!

“ ” CyMMa unx BepOHTHOCTeﬁ OKa3aTbCAd B npeagunkKkare
KOJIM4ECTBO OCMBbICIIEHHbIX™ IMarorfnoB

(no Bcem uTepaumam!) 66



2020 [OpenlE6] CIGL-OIE

loss function is J = Jog+ AposcIposc+ AhveShve T
AMwvedhve + Aecdecs Where A, are hyperparameters.

Tenepb 310 Ha3biBaeTcs Constrained lterative Grid Labeling OpenlE Extractor —
HO 1 3TO ewe He OpenlE6L

Mogensim, B KOTOPbIX ABHO He 00pabaTbiBalOTCA COYNHUTENbHbIE
CBSA3U/CTPYKTYPbI (Hanpumep, OAHOPOAHbIE YNeHbl MPEASTIOXKEHNSA Yepes 3anaATy!o,

(1 b

COHO3bl “‘U” UM “nnn”), HeENPOCTO NX paspeLlaTb

B pabote 06 OpenlE6 genatoT 3To ABHO, UCMOSb3ys BCE TOT Xe IGL

67



2020 [OpenlE6] Coordination Analysis

OTO nomoraert, nokasaHo ewe B padote o CalmlE (Saha&Mausam, 2018)

B 2016 roay (Ficler and Goldberg, 2016) paameTtunu PTB (Penn Treebank) meTkamu,
yKasbIBaOLMMU FPaHnLbl COMUHUTESbHbLIX CTPYKTYP

CouMHuTENbHbIE CTPYKTYPbI ObIBAIOT BMOXEHHBLIMU, TO €CTb 3aJa4a Mo CyTu
nepapxmyeckas; ypoBeHb nepapxuu 0yaem yknaabiBaTb Kak utepaumio

L1: CC: and, CONJ: founded .. Origin, invested.. ZocDoc 1 1ounded Amazon. Jeff founded Blue Origin.

L2: CC: and, CONJ: Amazon, Blue Origin Jeff invested in Google. Jeff invested in Grail.

: Jeff invested in ZocDoc.
L2: CC: and, CONJ: Google, Grail, ZocDoc
IGL-CA i SRnEnce > CIGL-OIE

Conjuncts Generator Simple Sentences

f : : . ; Output: (Jeff: founded: Amazon)
Input Sentence:'Jeff founded Amazon and Blue Origin and invested in Google , Grail and ZocDoc (Jeff: founded: Blue Origin)

(Jeff; invested; in Google)

(Jeff; invested; in Grail)
L2: | Jeff |founded | Amazon |and |Blue| Origin [and|invested| in | Google | , | Grail j|and| ZocDoc |  (Jeff: invested: in ZocDoc)

L1: | Jeff [founded | Amazon |and|Blue| Origin |and | invested| in | Google | , | Grail jand| ZocDoc

Grid




2020 [OpenlE6] Coordination Analysis

Takoun nogxon IGL-CA noxoasa

i System Precision Recall Fl1

nooun SoTA (Ha CYK parsing) -

(Teranishi et al., 2017) 7LD 70.7 71.0
No Ka4ecTBy (Teranishi et al., 2019) 75.3 75.6 755

BERT-Base:

(Teranishi et al., 2019) 83.1 83.2 83.1

IGL-CA 86.3 83.6 84.9

BERT-Large:

(Teranishi et al., 2019) 86.4 86.6 86.5

IGL-CA 88.1 87.4 87.8

Table 5: P, R, F1 of the system evaluated on Penn Tree
Bank for different systems. We use both BERT-Base
and BERT-Large as the encoder



2020 [OpenlE6] Finally

Ho n3-3a Takoro nogxona confidence
° D.”ﬂ OpenIE C HOMOLLI,bl'O IGL_CA CTpOﬂTCﬂ SCOores npmxoanTca nepecHnTbiBaTb
OT,D,eJ'IbHOI7I Moaesibo
NPOCTble (HEKOHBIOHKTUBHbIE) NPEeaSIOKEHNS,
e Kk HUM npumeHsietcst CIGL-OIE,
dUNLTPYHOTCA TPONKU-AYONunKaThbl.

Other signs of lens subluxation include mild conjunctival redness, vitreous humour degeneration,

Sentence and an increase or decrease of anterior chamber depth .

IGL (Other signs of lens subluxation; include; mild conjunctival redness, vitreous humour degeneration)
IGL (Other signs of lens subluxation; include; mild conjunctival redness, vitreous humour degeneration,
+Constraints and an increase or decrease of anterior chamber depth)

IGL (Other signs of lens subluxation; include; mild conjunctival redness)

+Constraints (Other signs of lens subluxation; include; vitreous humour degeneration)

+Coordination | (Other signs of lens subluxation; include; an increase of anterior chamber depth)

Analyzer (Other signs of lens subluxation; include; an decrease of anterior chamber depth)

Table 1: For the given sentence, IGL based OpenlE extractor produces an incomplete extraction. Constraints

improve the recall by covering the remaining words. Coordination Analyzer handles hierarchical conjunctions. -,



2020 [OpenlE6] aHHbIE 1 OUeHKa KayecTBa

Ob6y4anun Ha ToM Xe, Ha YeM 1 IMoJIE -- cmecb BbIXO40OB pa3HbIX Moaernen,
190661 Tpoek, 92774 ctaTtbn aHrnMnuckon Bukuneoum

OueHnBanu Ka4ecTBO Ha AaHHbIX CaRB, ncnonb3ys B Ka4ecTBe OLEHKO KadecTBa
CKpunTbl: ucxoaHbin n “xagHein” CaRB, WiRe57, OIE16

Takxke

- 3amepsanu Bpems paboTsl,
- nepebupanu Habopbl orpaHNYeHNI
(CMOTpEnu 4Yncro “HapyLieHnn” n BRnsiHME Ha KayecTBO),
- nogknagbiBanu IMoJIE n CIGL-OIE gpyrve aHanusaTopsl
COUMHUTENBLHbBIX CTPYKTYP
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2020 [OpenlE6] aHHbIE 1 OUeHKa KayecTBa

System CaRB CaRB(1-1) OIE16-C Wire57-C Speed

Fl AUC Fl AUC FIl AUC Fl Sentences/sec.
MinlE 41.9 - 384 - 323 - 28.5 8.9
ClauslE 450 220 402 177 61.0 380 33:2 4.0
OpenlE4 51,6 295 405 20.1 543 37.1 344 20.1
OpenlES5 48.0 250 427 206 599 399 354 3.1
SenseOIE 28.2 - 239 - 31.1 - 10.7 -
SpanOIE 48.5 - 319 - 54.0 - 319 19.4
RnnOIE 490 260 395 183 560 320 264 149.2
(Cui et al., 2018) 516 328 387 198 535 370 33.3 11.5
IMoJIE 535 333 414 222 568 396 36.0 2.6
IGL-OIE 524 337 41.1 229 550 36.0 349 142.0
CIGL-OIE 540 357 428 246 592 40.0 36.8 142.0
CIGL-OIE + IGL-CA (OpenlE6) 527 337 464 268 65.6 484 40.0 31.7




Kequiog AZo[ouyd[, Jo amnsuy uerpyy .

UT OB PATT 9sopuwesneu ‘wod° TTewbp(QIGZ Temaebbe-yijiewes
wod * TTewWbpGaeYYRTPRARYJTRA ‘WOD* TTRWOYNIANTTOY * ARYSDY
1[92 ASo[ouyda], Jo mnsuy uripuy |
JMIeqenyey) UdWNOG pue ‘ wesnejy[
¢ [eMIed3y ylrewes ¢ B[Py ABY(IBA ¢ nIN[[0Y] ABYSIY

UondILIIXH uorjeuLIoyuy
udd() 10j SIsA[euy uonBUIPI00)) PpUk SUIPRT PLIL) JANRIN] :9Hud()

Mopaenb knaccHo paboTtaeT, nobuTb Ha aTUX JataceTax TPYAHO
rnaronos, YacTEPEYHY0 pa3MeTKY, CaMble BOCTPeOOBaHHbIE

anga sctasku cnosa ([is] [of] [from])

3aBUCUT OT A3blKa, TaK Kak UCNONb3YyeT CANCKN “NErkux”
N Tak panee

bbicTpee npegbiayuien SoTA-moaenu, HO BCE-TaKu

O4YeHb MearieHHas

2020 [OpenlE6] NTorm
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4. A YTO C pyCCKMM AA3bIKOM?

5. BaxHble paboTbl, 0 KOTOPbLIX HE TOBOPUIU
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A kak gena B pycckom OpenlE?

e Pabort no IE gna pycckoro mHoro; NER, Hanpumep, 3aHMMaloTCsl NOBCEMECTHO;
eCTb psag padoT no u3BnevYeHno “TUNU3NPOBaHHbLIX” OTHOLLEHUI

e OnybnunkoBaHHbIX PaboT, MOCBSALLEHHbLIX UCKIHOYNTESBHO
pycckomy OpenlE, no Moum cBeAEHUSM, HET

Faruqui M., Kumar S. Multilingual
Open Relation Extraction Using
Cross-lingual Projection
/[Proceedings of the 2015
Conference of the North American
., — aBTOMaTUYecky Ansi 61 s3bika Chapter of the Association for
Computational Linguistics: Human
Language Technologies. — 2015. — C.
1351-1356.

e [lpy aTOM HabOPbI AaHHbIX AN A000YyYeHUs
M OLIEHKM KayeCTBa CYLLIECTBYHOT:

WMORC — Ha opaHLy3CKOM, PYCCKOM U XUHOM

manual

WMORC__
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A kak gena B pycckom OpenlE?

* Rule-based semantic parsers:
* AOT.ru (Sokirko, A. 2001)
* The parser of ISA FRC CSC RAS (Shelmanov and Smirnov, 2014)
* etc.

* Known corpora annotated with semantic roles:
* The corpus from ISA FRC CSC RAS
* Shelmanov and Smirnov, 2014
* FrameBank

* Lyashevskaya, 2012
* Lyashevskaya and Kashkin, 2015

* Data-driven semantic role labelers:
* SVM-based parser + feature engineering (Kuznetsov I., 2015)
trained on pre-release version of FrameBank
* The parser of ISA FRC CSC RAS (Shelmanov and Smirnov, 2014)
— bootstrapping based on automatic annotation of SynTagRus
using rule-based semantic parser

3 cnangos Kk goknaay

Shelmanov A., Devyatkin D.
Semantic role labeling with neural
networks for texts in Russian
//Computational Linguistics and
Intellectual Technologies. Papers
from the Annual International
Conference” Dialogue”(2017). —
2017.-T. 16. — C. 245-256.
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BaxxHble Mogenn 1 paboTbl, 0 KOTOPbIX peydb He 3aluna

2010 [WOEP°®, WOEP?™°] Wu F., Weld D. S. Open information extraction
using wikipedia //Proceedings of the 48th annual meeting of the association
for computational linguistics. 2010. C. 118-127.

3Ha4umenbHsbIl NPUPoOcm 8 kayecmee omHocumernbHo TextRunner 3a cyém uCrosib308aHuUsI
CUHMAaKCUYEeCKUX MPU3HaKo8

2013 [ClauslE] Del Corro L., Gemulla R. Clausie: clause-based open
information extraction //Proceedings of the 22nd international conference on
World Wide Web. — 2013. — C. 355-360.

Bo secb pocm ucrionb3yemcsi aHanutlickasi epaMmamuka, pesyrnbmamal lydule
TextRunner, WOE, OLLIE u ReVerb,; kaxemcs, nepeasi paboma, 8 Komopou sI8HO
obpabamebigatom co4YUHUMErIbHbIE CMPYKMYPhbI
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BaxxHble Mogenn 1 paboTbl, 0 KOTOPbIX peydb He 3aluna

e 2015 [Stanford OpenlE] Angeli G., Premkumar M. J. J., Manning C. D. Leveraging linguistic
structure for open domain information extraction //Proceedings of the 53rd Annual Meeting of the
Association for Computational Linguistics and the 7th International Joint Conference on Natural
Language Processing (Volume 1: Long Papers). — 2015. — C. 344-354.

Cnoso asmopam: We replace this large pattern set with a few patterns for canonically structured sentences, and shift the focus to a
classifier which learns to extract self-contained clauses from longer sentences. We then run natural logic inference over these short
clauses to determine the maximally specific arguments for each candidate triple

e 2017 [MinIE] Gashteovski K., Gemulla R., del Corro L. MinlE: Minimizing Facts in Open Information
Extraction //Proceedings of the 2017 Conference on Empirical Methods in Natural Language
Processing. — 2017. — C. 2630-2640.

MHozo MPrOKOS8, 8 IMOM 4Yucrie HaripaslieHHbIX Ha om6paCb/eaHue Marsrio3Ha4umersibHbIX IMOKeHOo8

e 2018 [OpenlE5] KombuHaumnsa mHorux pabort, ynyywatowasa OpenlE4; konnabopauusa University of
Washington (UW) and Indian Institute of Technology,Delhi (IIT Delhi)
https://github.com/dair-iitd/OpenlE-standalone
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https://github.com/dair-iitd/OpenIE-standalone

BaxxHble Mogenn 1 paboTbl, 0 KOTOPbIX peydb He 3aluna

2018 [RnnOIE] Stanovsky G. et al. Supervised open information extraction
//Proceedings of the 2018 Conference of the North American Chapter of the
Association for Computational Linguistics: Human Language Technologies,
Volume 1 (Long Papers). — 2018. — C. 885-895.

Ucnonb3yrom damacem AW-OIE, nony4eHHbIl rnpeobpasosaHuem QAMR (Question Answering Meaning Representation) dns
0byyeHus1, chopmynupyrom 3adady Kak pasmemcky rnocriedogamernibHocmed, 6brom SoTA Ha momeHm 2018 eoda

Takxxe, 8epOSIMHO, CMouMm 03HaKOMUMbCS ¢ pabomou noso8uUHbI 3Moa0o Korriekmuea asmopos: Gabriel Stanovsky, Jessica
Ficler, Ido Dagan, and Yoav Goldberg. 2016. Getting more out of syntax with props. arXiv preprint
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BaxxHble Mogenn 1 paboTbl, 0 KOTOPbIX peydb He 3aluna

o 2018 [Seg2seq OIE OR CopyAttention] Cui L., Wei F., Zhou M. Neural
Open Information Extraction //Proceedings of the 56th Annual Meeting of

the Association for Computational Linguistics (Volume 2: Short Papers). —
2018. - C. 407-413.

Cmposim oby4yarowuti damacem ¢ rnomouwibro OpenlE4 u Bukuneduu, ocmaerisisi u3erie4eHusi
¢ “yeepeHHocmbio” ebiwe 0.9. 3amem pewarom 3adaqy Kak sequence-to-sequence, Ucrosb3ys
OpenNMT (u daxe He rnodknadbiearom ambedouHauU, rMoxoxe)

IN: “deep learning is a subfield of machine learning”.
OUT: “<arg1>deep learning</arg1><rel>is a subfield of</rel><arg2>machine learning</arg2>”.

Takke ecTb psg paboT, nssnekarwLmx MHPopMaLnio N3 0cobbix TUMOB TEKCTOB (Hanpumep, guestion-answer pairs), HO NPU 3TOM
BCE-Takun yknagpisatowmxca B OpenlE; nx MoXXHO HanTun, Nnepexoas no ccobinikam 13 pasgenos Related work B cBexunx ctatbax
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Cnacunbo 3a BHumaHue!

Open Information Extraction
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