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Relation Extraction between objects
from time series text streams.

Shun Kawahara

Abstract

Nowadays, large knowledge bases, such as Wikipedia, are widely used as a quick
reference tool to find all kinds of information in our daily lives. Such knowl-
edge bases can be utilized to improve the performance of various information
processing tasks, such as information retrieval. Existing knowledge bases are
typically written and maintained by a group of voluntary editors. However, it is
practically impossible for the editors to manually monitor numerous web doc-
uments. To deal with this issue, we use relation extraction that is the natural
language processing technique of automatically extracting useful information
from unstructured documents such as news texts. It is expected to automa-
tize updating process of knowledge bases by introducing relation extraction.
Existing methods of relation extraction is effective against cumulative web doc-
uments. However, we are able to find out information from SNS such as Twitter
in realtime. Therefore, it is desired for relation extraction to be carried out in
realtime. Furthermore, Existing methods do not discriminate novel information
from known one that is unnecessary for updating knowledge bases. This paper
proposes effective relation extraction technique against time series web docu-
ment streams. We incorporate semantic features into state-of-the-art method
against cumulative web documents. In addition, our method is judges whether
extracted information is novel one by taking advantage of similarity calculation
method between documents that is based on vector representation of the word.
On a publicly available time series web document data set, the validity of the

proposed method is demonstrated.
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British actor Alan Rickman, known for his roles in Die Hard
and the Harry Potter movies, died on January 14 at the
age of 69 after a battle with cancer.

—~——

Alan Rickman

occupation | actor

filmography | Die Hard, Harry Potter

death date |January 14

death cause | cancer

Fig. 1.1: An example of relation extraction.
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Fig. 3.1: Overview of learning phase of relation classifiers.
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|
|

[y

British 1 amod PERSON 1 op; died | nmog OBJECT | o6 Of
actor T compound PERSON T g died | 1mog OBJECT | pee Of

ool ofor| B lwN

Fig. 3.2: An example of lexical /syntactic features extraction.

nsubj nmod nmod:tmod
\ 4

[Alan Rickman] [ cancer ] [ yesterday ]

(o ) [ ew ) [ o)

Fig. 3.3: Syntactic dependency parse with shortest dependency path from ‘Alan
Rickman’ to ‘cancer’ highlighted in boldface.
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Fig. 3.4: Architecture of the Skip-gram Model.
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Fig. 3.5: Overview of relation extraction from text streams.
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3.3.2 UUOUoooooood
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Fig. 3.6: Procedure of novelty discrimination.
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O Table. 4.1 0 0 O O Oracle Baseline [10)0 TREC KBAOOOOOOOOOO
O0000000000000D000Db00Db00b0000 Mention sentence
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PRIS [28]0 SSFO OO 2030 0000000000000000OOOOOO
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Table 4.1: Comparison with other systems for relation extraction.

System Prec.  Rec. F1

Oracle Baseline 0.047 0.181 0.075
PRIS 0.038 0.007 0.012
Proposed method | 0.253 0.313 0.280

424 0O0O0O0O0O0OOO0OOO

O00000000000000000 lexical/syntacticO00 O O 00 semanticl
goboboboooobbobooooobobbbooooobbbooooonooon
O00b0bO0bOoboboobooboobOobuobouoboOggabstractOdnO
OO000000O000O00DO0Oo0bbobDOODO Table. 4200 Table. 4.30

gog
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Table 4.2: Performance for lexical/syntactic features.

Features Prec.  Rec. F1

semantic 0.142 0.212 0.170
+ lexical /syntactic 0.206 0.231 0.218
semantic (with abstract) | 0.228  0.273  0.249
+ lexical/syntactic 0.253 0.313 0.280

Table 4.3: Performance for semantic features.

Features Prec.  Rec. F1

lexical /syntactic 0.251 0.193 0.218
+ semantic 0.206 0.231 0.218
lexical /syntactic (with abstract) | 0.316 0.156  0.208
+ semantic 0.253 0.313 0.280
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Table. 4300 0000000000000 0O0DO0OODODOO0ODO0OOOODOO
gbbogobooodbbuoobbooobboooobooobbooooo
obobobooboobooboobuob rFrobooboobobobobooo
opboooboobor200000 rFO0DO0ODLOOODOODDOOD
gbooboboboo3guubobobonoobobgo4sb00o0oboon
gobobboooobbobooooobboooooobbbooooonooon
gobobbouoooobbobbooooobbbooooobobboooooobn
gobobobboboboobobobbboooodgdgdeecoooooooobooon
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Fig. 4.1: Per-topic difference of F1 measures from Oracle Baseline for each

entity.
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O00Fig. 420 000000000000000D000000O00O00OOO
O000000DO0000D0O00O0DOO000O000 ‘Fernando J. Corbato’ O O
O00000000000 2012 Fellow Award honorees’ D OO0 OO0 OO0 OO
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Thu Jan 19,2012 5:00 am EST MOUNTAIN VIEW, CA, Jan 19 (MARKET WIRE)
-- The Computer History Museum (CHM), the world 's leading institution
exploring the history of computing and its ongoing impact on society, today
announced its 2012 Fellow Award honorees: Edward A. Feigenbaum, pioneer
of artificial intelligence and expert systems; Steve Furber and Sophie Wilson,
chief architects of the ARM processor architecture; and Fernando J. Corbato,
pioneer of timesharing and the Multics operating system.

Fig. 4.2: An example that semantic features are effective.
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OO0O0OOTable. 4300 0000000000 00ODOODO0OODOOODOOODO
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Table 4.4: Performance for abstract relations.

Features Prec.  Rec. F1

lexical /syntactic (w/o abstract) | 0.251 0.193 0.218
lexical /syntactic (with abstract) | 0.316 0.156  0.208
semantic (w/o abstract) 0.142 0.212 0.170
semantic (with abstract) 0.228 0.273 0.249
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Table 4.5: Typical words for each relation.

Relation Word
Titles actor
AwardsWon award
CauseOfDeath cancer
DateOfDeath, RelatedDate | January
RelatedPerson Alan
RelatedLocation town
RelatedOrganization Party

O0000 300 word2vee DO D DODOODOOODODOODOOODDOOODOOO
0000000000000 00o0oooDoDdoooooooooogon
00000000 January, December, July, February O RelatedDate 0 O O O
0000000000000 00bO00ODO00DO0o0bOoobOoO0ooDOooo
OO00000O000O0bOO00bO0o0ooO0oooobO0oooO0obOoobooooOoo
O0000D00O0 RelatedDate 00000000000 OODOOOODOODOODO
0000000000000 0000O0000O00DbODO00DO0O00oO00on
000000000000 0000000DO0DbO0O000DOO0oDOOoDOOooDOgon
O0D000D0DO0OD RelatedOrganization 0 000000 OO OO O O Party,
Progressive, Democratic, Socialist0 0 00000000000 O0OOODOOOO
0000000000000 00O0DO0DO00000DO0ooDoooooogon
000000000000 00OO00O0oDOon
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Fig. 4.3: The probabilities for each word.
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Table 4.6: Performance of novelty discrimination.

System Prec.  Rec. F1
Baseline 0.654 0.722  0.686
Contains 0.668 0.735 0.700

Contains + WMD(euc) | 0.700 0.772  0.735
Contains + WMD(cos) | 0.709 0.779 0.743
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Table 4.7: Qualitative evaluation of proposed method for relation extraction.

Phrase Relation

a wonderful actor Titles
Emmy AwardsWon
1996 DateOfDeath

WikipediaO O OOOOOOODODOOO0DOOOO0ODOOODOOODOODOOO0OOO
OO0oobobobob0yv=-02800000

o Titles
O0000: Alan Sidney Patrick Rickman (born 21 February 1946) is an
English actor.
000 O: Actor David Morrissey also expressed his shock , calling Rick-

b

man “ a wonderful actor and lovely man .

o AwardsWon
OO000: In 1995, he was awarded the Golden Globe, Emmy Award and
Screen Actors Guild Award for his portrayal of Rasputin in Rasputin:
Dark Servant of Destiny.
000 0O: His Hollywood star turn came after Rickman played the villain
in “ Die Hard , ” and the actor went on to win an Emmy award and

Golden Globe in 1996 for his portrayal of Rasputin .
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TopMembers 0000000 OOOOOONO

FoundedBy O0O0O0O0O0O0OO0OOO0OOOOOOOOOOO

Affiliate 000000000 DO0ODOODODODODOODOOOOO
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Table B.1: List of target relations and corresponding Infobox.

Relation Infobox
Titles occupation, profession

AwardsWon awards, prizes

CauseOfDeath death_cause

DateOfDeath death_date

RelatedPerson spouse, children, partner, opponents
RelatedLocation nationality, birth_place, death_place, residence, alma_mater,

resting_place, home_town, body_discovered
RelatedOrganization | employer, organization, boards
RelatedDate birth_date
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[0 O C Target entities] L] [J

goodboogboobobugbobooobboobbobooobboon
O Wikipedia 0 O 0 Twitter 0 URLO OO OOOO Table. C.10 420000
O0DO000O0000DOO0000000043000000 Table. C10O0
OO0O00O0000O0OTablee C1O0O0ODO0OODOOOOODOOODODODO
UtypeUUUOOO0UOO00O0oobOogobbooooooobooobobonon
guogobbbuoogobbodo

e PERO O O 00 Titles, AwardsWon, CauseOfDeath, DateOfDeath, Employ-
eeOf, Affiliate, AssociateOf

e ORGO O O I TopMembers, FoundedBy, Affiliate
e FACO O O M Affiliate

O00Wikipedia URLOOOOOODOOODOOODOOODOOOOODOOODO
gbobooobDOTwittee DODODOOD0OOOOOOOO
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Table C.1: List of target entities of the experiment in section 4.2.

No | Entity type
1 | http://en.wikipedia.org/wiki/Barbara_Liskov PER
2 | http://en.wikipedia.org/wiki/Clark_Blaise PER
3 | http://en.wikipedia.org/wiki/Ed_Bok_Lee PER
4 | http://en.wikipedia.org/wiki/Fernando_J._Corbato | PER
5 | http://en.wikipedia.org/wiki/Frank_Winters PER
6 | http://en.wikipedia.org/wiki/Geoffrey_E. Hinton PER
7 | http://en.wikipedia.org/wiki/Haven_Denney PER
8 | http://en.wikipedia.org/wiki/Joey_Mantia PER
9 | http://en.wikipedia.org/wiki/Joshua_Boschee PER

10 | http://en.wikipedia.org/wiki/Judd_Davis PER
11 | http://en.wikipedia.org/wiki/Maurice_Fitzgibbons | PER
12 | http://en.wikipedia.org/wiki/Paul_Marquart PER
13 | http://en.wikipedia.org/wiki/Richard Edlund PER
14 | http://en.wikipedia.org/wiki/Ruben_J. Ramos PER
15 | http://en.wikipedia.org/wiki/Sara_Bronfman PER
16 | http://en.wikipedia.org/wiki/Shafi_Goldwasser PER
17 | http://en.wikipedia.org/wiki/Travis_Mays PER
18 | https://twitter.com/AlexJoHamilton PER
19 | https://twitter.com/BobStovall PER
20 | https://twitter.com/KentGuinn4dMayor PER
21 | https://twitter.com/tonyg203 PER

o1



Table C.2: List of added target entities of the experiment in section 4.3.

No | Entity type
22 | http://en.wikipedia.org/wiki/Angelo_Savoldi PER
23 | http://en.wikipedia.org/wiki/Appleton_Museum_of_Art FAC
24 | http://en.wikipedia.org/wiki/Blair_Thoreson PER
25 | http://en.wikipedia.org/wiki/Bob_Bert PER
26 | http://en.wikipedia.org/wiki/Carey_McWilliams_(marksman) PER
27 | http://en.wikipedia.org/wiki/Cementos_Lima ORG
28 | http://en.wikipedia.org/wiki/Charles_Bronfman PER
29 | http://en.wikipedia.org/wiki/Dunkelvolk ORG
30 | http://en.wikipedia.org/wiki/Edgar_Bronfman, Sr. PER
31 | http://en.wikipedia.org/wiki/Grana_y_Montero ORG
32 | http://en.wikipedia.org/wiki/Great_American_Brass_Band_Festival | ORG
33 | http://en.wikipedia.org/wiki/Gretchen_Hoffman PER
34 | http://en.wikipedia.org/wiki/Gwenaelle_Aubry PER
35 | http://en.wikipedia.org/wiki/Intergroup_Financial _Services ORG
36 | http://en.wikipedia.org/wiki/Jamie Parsley PER
37 | http://en.wikipedia.org/wiki/Jennifer_Baumgardner PER
38 | http://en.wikipedia.org/wiki/Jeremy_McKinnon PER
39 | http://en.wikipedia.org/wiki/Joshua_Zetumer PER
40 | http://en.wikipedia.org/wiki/Ken_Freedman PER
41 | http://en.wikipedia.org/wiki/Luz_del_Sur ORG
42 | http://en.wikipedia.org/wiki/Marion_Technical Institute FAC
43 | http://en.wikipedia.org/wiki/Mark_SaFranko PER
44 | http://en.wikipedia.org/wiki/Matt_Witten PER
45 | http://en.wikipedia.org/wiki/Reid_Nichols PER
46 | http://en.wikipedia.org/wiki/SIMSA ORG
47 | http://en.wikipedia.org/wiki/Scotiabank_Peru ORG
48 | http://en.wikipedia.org/wiki/Stevens_Cooperative_School FAC
49 | http://en.wikipedia.org/wiki/Susan_Krieg PER
50 | http://en.wikipedia.org/wiki/Theo_Mercier PER
51 | http://en.wikipedia.org/wiki/Weehawken_Cove FAC
52 | http://en.wikipedia.org/wiki/William_H._Miller_(writer) PER
53 | https://twitter.com/BlossomCoffee ORG
54 | https://twitter.com/CorbinSpeedway FAC
55 | https://twitter.com/FrankandOak ORG
56 | https://twitter.com/GandBcoffee ORG
57 | https://twitter.com/MissMarcel PER
58 | https://twitter.com/RobCaud PER
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