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Exploiting Relational Similarity between Entity Pairs

for Latent Relational Search

NcuYEN TuaN Duc,! DaNusaka BoLLEGALAT!
and MITSURU IsHIZUKAT!

Latent relational search could be a new search paradigm based on the implic-
itly stated relation between two entities. A latent relational search engine is
expected to return the entity “Zugspitze” as an answer to the question mark (?7)
in the query {(Japan, Mt. Fuji), (Germany, ?)}, because Mt. Fuji is the high-
est mountain in Japan, whereas Zugspitze is the highest mountain in Germany.
To perform latent relational search on the Web, one must overcome several
challenges: discovering entity pairs to build an index for high speed retrieval,
exploring and representing entity pairs’ relation, and ranking the candidate

answers according to the degree of relational similarity between the candidate
entity pairs and the input pair. We propose a method for extracting entity pairs
from a text corpus to build an index for a high speed latent relational search
engine. We apply a state-of-the-art relational similarity measuring algorithm
invented by us to correctly assess the degree of relational similarity between two
entity pairs and accurately rank the result list. We evaluate the system using
a Web corpus and compare the performance with an existing relational search
engine. The results show that the proposed method achieves high precision and
MRR while requiring small query processing time.
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Fig.1 An example of latent relational search
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Fig.2 Overview of the relational search engine
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Fig.3 Model of the index for latent relational search
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B)0OoO0O0O0O0000000000RODODOOO0OO0OOO0O0D0O000O0000 (A,B)
O0s00 (s=(A4,B) 00000000000 ¢=(C,X)00000000000 ROO
0000oo0oo000000000s000000000 P(s)00000000000000
00000000000 peP(s)00000p000D0 100000000p0000O0
000000 W(p) 00000000 W(p)0O0O (¢, X)0000000000000 50
dooooooooxROoOO00O:

R=J {wpr € WE)I(wplo] = C) A freq(wp) > 5} (™)

pEP(s)Afreq(p)>10

000000ROOO0O0OO00000000000 s000000 1000000000
00000000000000000000000000000000000000000
000000000000000

5.2 00000000

00000000000000000000000000000000 ROOOOOO
00000000000000000000000000000000000000000
00000“000000000000000”0000000000000000000
00000000000000000000000000000000000000000
00000000000000000000000000000000000000000
00000000000000000000000000000000000000000
00000000027 0000s0 ¢c00000000000000 ®(s)0 ¥(c)O
0000000000000 s00000 ¢000000000000000s0 000
00000 relsim(s,c) 000000000000000000000000000000
0000000000 040000 0000 ¥(s)-¥(c)00000000000000
000000 p0O P(s)NP(¢)00000000000000000 f(s,p)-f(e,p) 000
000000000 p0 P(e) 00000000 P(s)00000000000P(s)\P(c)
(000)000000 p000000OOOOOOOOOOOOOOD ¢0000000O0
000 ¢000000000000000000000000000000 ¢00p000
0000000000 p0O0O0000000000 f(s,q)-fle,p) 00000000000
000 ¢0000000000000000000000000000 (0400¢0T
00000) 0000000000000 T00ROO0000000 relsim(s,c) 0000
0000000 ¢00000000 00000000000

I’ = {c € R|relsim(s,c) > o} (8)
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g ODO0O0O00OO0O0O0O0O0oOooOoOOboOoOoOoOoooo

function relsim(s, ¢) 02 0DOO0ooo

//Initialize the inner product to 0 Table 2 Relation types for evaluation

p<+0
//Initialize the set of used patterns oo ood pooooooooo
T «— {} O
for pattern p € P(c) 0-000 20 (Franz Kafka, Prague),
if p € P(s) then (Andre Agassi, Las Ve-
p < p+ (s, p)i(c,p) gas), (Charlie Chaplin,
T + T U {p} London)
else oo-o0o 15 (Google, Mountain View),
Q < the cluster that contains p 0 (Microsoft, Redmond), (Ap-

max < —1

ple, Cupertino)

(Eric  Schmidt, Google),
(Steve Ballmer, Microsoft),
(Carol Bartz, Yahoo)
YouTube),

q <+ null
for pattern p; € (P(s)\P(c))\T
if (p; € Q)A(f(s, pj) >maz) then
max + (s, pj)

CEO-00 | 16

Acquirer - | 48 (Google,

' ) . .
end if Acquiree (Microsoft, Powerset), (Ya-
end for hoo, Kelkoo)

if maz > 0 then
p < p+1i(s, )f(c,p)
T+ TU{q}
end if
end if
end for
return p/(|%(s)| - | ¥(c)|)
end function

04 DO0O0OO00O0OO sO cODO0O0OOODO
gooooooo
Fig.4 Algorithm for calculating the rela-
tional similarity between two entity
pairs s and ¢

000000 {(A,B),(C,?)}00000000000000000 {(B,A),(?,C)}00
000000000000000000000r00000000000 (00000)0
00000000000000000000000000000000000000000
0000000000000000000000000000000000000'000
00s =(B,A)0¢ =(X,C)00000T 0000 ¢=(C,X)000000 s=(A,B)
000000000000000000:
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x(s, ) = relsim(s,c) + %relsim(s/7 d) (9)

(relsim(s’, )0 c 0000000 00000DODODOOO0OOOD)0DDDOO0O0O0OOOO
00o0oU0oo0oo0oooO0oo0oOoU 1/20000000000000000000
gbobobobobobgoboog

gobooooobobooboobuoobooboobobobooboobbooobo
0000000oo0o0o0o0U0l10000o0o0o0000UDoo00 ¢ = (C,X,) 0O
¢;=(C,X;)0000000X;0 X;000000000000000000¢0 ¢; 00
000000000000000000000 IO

I'" = Merged(T") (10)
00oo0o0oO0ooU0ooo0ooU00 ¢ 0 (LX) D0ODDOUODO0OOOODOOOO
K ={X1,Xs,...,X;}000000000000000

score(s, K) = %Zx(s,ci) (11)

00000000000000000000000000000000000000000:
R = SORTED(T") (12)

6. Uooaooad

6.1 0OO0O0OOOO
00000000 30000000000:0000000000000000000C0
000 ¢000000000000000000000000 000000000000
00000 «000000000000000000000000 0200004000
00000000000000000000000000000000000000000
000000000000000000000000000000002:919g

6.1.1 0000000000

0000000000000 000000040000000000000000000
0000 (020 “Text corpus”) 000 0000000000000 O 20 Text corpus
00000000000 (00040000)000000000000000000000
0000 Text corpus 00 0 2000000000000 WebOOODOOOODOODOO
000000000000000000000000000 0000000000000
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0d0bOO00oDoDoOo00oobbOOo0bobOo0bobOo0oobOoOoooO O 20 Extractor 00O
ddddodboboooooooooboooobooooooobooooooooooog
0000000000000 oooooooooa
oooooooodoOoooooO0ooooooOoOoOoUoUOooDooOoUooooooo
oooooOoO0oO0o0oOooOooooooOoDOoOoOooOooDoOooooOoooooooooo
0000000o0o0oooooooooooooooooooooooooooooO O 20
o0ooo0oo0 (boboooUoooU0o)0Doo0oOoU0oo0 (Cooooooo)oooo
Google !0 00000000 ODOOODOOOODOD 10000 URLOODOOOOOO
O URLDO Crawler 000 OWebOOOOOOOOOOODO O 20000 Text corpus
O0000000o0o0o0ooool200000000000 (WebOODO)OOOOOOOO
000000o0oU000oOoo 0200000000000 0000OoUOoOoOOoOOoog
0000000000000 00000000000000000000000 0 Microsoft
000 Powerset 0000000000 Apple000 EmagicO0ODOOOOOOOOOOO
0000000000000 0000 ((Apple, Emagic) 000000 O 2000000
00000 (Apple, Emagic) 00 000000) 00000000000 O0O0OOOOOO
0 20 Extractor 0 HTML OOOOOOOOOOOOOQOOOODOOOOODOOOODO
000000000000 0000D00O000D00000113,749200000000000
2,069,121 000000000000000D00C000DO s0000000000DO0OO0
410300000 10000000000000 275680000000000000000
d00bd00O0oDOO0o0bOoooOO0obObObOo00obOo0bOo 00 bO0ObODbDODObOOoDDOOnDO
00ooooboooo 1wboooobooboooobo0ooooooDooOooobOoooo
000000 (bo0oo0oooU0o0oOoUOo0bDoO0OoO0O0DDOOO0ODO 100000
oooooooo)o

6.1.2 000000000000 OOODOOOOOODOO

o0oooO0oUooooOoOoDOO0oU0UoU0OoOoOoOoODOO0O0D0DOOUOOooOoOUOogooDO
00000oO0o0ooOoOoO000 ¢0ooooU0Uooooooooooooooooooo
o0o0oooU0o0ooOoUoU0oO0oUOU0 (UooooUoUoooO)LooooUoo
0000000U000oooooDooO0o00ooO0ooooooooooooooooooog
000000000oooooooooooo0o0o00o0o0o0oOoUooooooooooo

*1 http://www.google.com
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03 Dooooooooooooooo
Table 3 Precision of the entity clustering algorithm

13 gooooooboooooooo goooDoooo oo (%)
0.1 222 92 41.44
0.15 137 79 57.66
0.2 101 69 68.32
0.25 74 61 82.43
0.3 51 51 100.00

000000000000000000D00 [Steve Ballmer, Steven Ballmer, Ballmer] O
goboooobooobooooooooboooooOoOoobOo0bOO0o0oO0 bOobooooDo
oobooooooooooobobo souooboooooooboobOoOooOoOoOooOoOonn
O¢0ooooDoOooooOOOO0O00obooOoODO000000000000000
c0000000oooooOoDO0O0000000000ooooooOoO00O00000000
000000000¢E0 030000000000 000O0O0UOD0OO0ODO0OUOO 100%0
gooooooooooooooobooooooooboooooooboooOoOobooOooooDon
gooooooooooooooooooooOooo0ooooobooo0oooooooonoon
goooboooooooooooobooboooooooooooooooooooooDoon
00000000000000000000Y0000000000000000000
000 100%00000000000000000000000000000000000
0000o0dOo¢no03000000

6.1.3 DO00OO0bObOooobooobbooobobooo

o00o00o0o0oo0o0oo0o0oo0oo0ooo0 OO0 DOOODOOOOODODO
000000000000 0O000OO00000OFOOOODOOOOOOODOO0OOO
00200004000000000i#;000000000 (A, B)O (A, B;) 00
000 {(A;, B:), (A;,?)}000000000000000 20001000000000
00000000D000000000000000000{(0,;0 000 ;)0 (0,0 ?)}
00000000000 000 ;00000 10000000000 O0O00 {(Acquirer;,
Acquiree;), (Acquirer;, 7)} 00000000000 Acquirer; 00000000 DOOOO
oooobooooooooboobooooooooooooooooobooooooooDon
OoooOoOOOoO0O0O0O0b0bOO0000000000000000000 “No answer” 00O
goobibooooooboooooboooobooooboooooboboooooobooboOooooDo
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95 936
934
945 /’\\. 932 //&\\
g 2 o0 /
& S 928
S o35 / S g6 /
5 93! 2 o2
kK / 3 924 /
& 93 Y a2 /
/ : ) 4
92
925
b 91.8 (/
92 916 .

0 0.1 0.2 03 04 05 0.6 0.7 0.8 0 01 0.2 03 04 05 0.6 0.7 0.8

Pattern clustering similarity threshold 6 Pattern clustering similarity threshold 6

05 0000000 AO0ODO (£€=0.3,0=0.0600) 0 6 00000 (0D-000000-0000CEO-00O)
000 FOODOO 6000 (£€=0.3,0=0.0500)
Fig.6 The relation between the average F-score

Fig.5 The relation between the average precision
and the threshold 6 (at £=0.3, 0=0.05)

of three relation types (Person-Birthplace,

Company-Headquarters, CEO-Company)
and the threshold 0 (at £€=0.3, 0=0.05)

ooooooboi1oo00oooooo0o0ooooooo0 oooo0 100000000
00 (“Noanswer” 00 0000)000 « 0000000000000 OOOODOOOO
000000000000 ¢/ea00000 ¢/QUODDOOD0OODODODOODOOODODO
gooooo0ooooooobooooobooboooooboooooooobooooooDoboOooooDoo
o000 «0000000000DO cOODOODDOODOODDOODOODOODO
000 ¢/e0000000000O0OO0OODOO0ODOOOO0ODDOOODOOODODOO
goooooooooboooooooooboboooo0oobbo0ooOooobbobobooo
goboooboooobooolooooooooooobooao
0506000000000 0204000000000000000000000O0
000 (Do0oo0ooOo0oO0oOoUoO0oOoUOoUOoOD¢en 03000 OOODOOO
000000 00500000) 000000600 0O0OLOOULOOOOOOODO 3
o000 (D-D00000-0000CEO-0L)000U000OO0FOOOOOODODOO
o00ooooO0o0oooO0Oo 004000000 FOOOOOODODOOUODOOOO O 4
goooooooooooooooooobooooooooboooboooOboOoOooooDooboo
0000 [0.03,021000000000000O0O0ODO0OD (LUOLOL)LOUOLODODO
O000s000,00000000000000FOO0O0O0O0O00O00O0O0c0 02000
ooooooooooooooooob FOOOOODDOOOOODODOOOOOOO0O0O
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05 0O000000DDODODOOOO (@=0.4,6 =0.3,0 =0.05)0Acquirer - Acquiree 0000000 6.2
gooooooo0oOoooooooooOooOoOoOoOoOoooooooOooOOoOooooooobooobooooo
Table 5 Performance of the search engine for each relation type. The recall for the Acquirer -
Acquiree relation type can not be evaluated, as explained in Section 6.2. The numbers

in parentheses are the values while using the baseline lexical pattern extraction algorithm

goooo oo ood F0O

0000 98.89 (94.37) | 98.89 (74.44) | 98.89 (83.23)
0o-0o00 90.59 (79.22) | 85.56 (67.78) | 88.00 (73.05)
CEO-00 95.56 (86.67) | 95.56 (36.67) | 95.56 (86.67)
Acquirer - Acquiree | 81.34 (53.72) | - -

00 91.60 (78.49) | 93.34 (76.30) | 94.15 (80.98)

go0o0o0oOoboenDo400ec0 0000000000

6.2 0O0O0OOFO

0000000000 (0=04,£=03,0=0.05)00000000000000 FO
gboboooooboobooobDoboobobobooobogobep00ObDUODbDObDOOOOD
000od0o00o0O00o0d0OOo0DOOo0oOodooooO00ooOobOOo0ooOOdDoOooDOooo
0 (000000000000 00000)0D00DO0O0DOD0D00D0O000 FOOOOOO
000000 0200000000000000000000((@MOOOO0OODO)0O0O0
0000000000000 000000D0D0DODODO00000000000000000
000ooooooooooooon

Os0000000000000000DODODODOODO FODODDODODOO
04200000000000000000000000000 200000 (stemming
00 X0YOooooooooooooooo)oooooooooooooo 20000
goooooooooooooooo «\sooooboooooobobobooooooroobooo

O50000000 0000000 Acquirer - Acquiree 0000000000 O0ODO
ooboo0rOoOoOOOO0OO0O0O0ODOOOOOO0ODOOODOOOODOOOD 100DOODO
00oo0oooUo0oOoUoUo0UoD (boUoUoooUo)LooUoULOoooUoOO
O0000000o00000ooUooosls3d%0io0 (oo 10000ooD0)ooUoo
0000000000 91.60% 0000000

gooooobooooooooooo0OoOobooOooUoOooDpDOooDooOoUOUooDoo
0000000000000 00O0oO 223%0000000000000000000O0O

(© 2011 Information Processing Society of Japan



11 00000000O00ooooooocoOoooooo

04 0OOO0OOOOOOOO
Table 4 Some example queries and search results

ogoo oag Ooo0? | DoOooOoOooOooo

{(Franz Kafka, Prague), (Albert Einstein, ?)} | [Ulm] Yes X * born in Y; X wa born in Y; X wa born in Y in; X * born * Y ...

{(Yahoo, SunnyVale), (Apple, ?)} [Cupertino] Yes X * headquart in Y, calif.; X * locat in Y; at X headquart in Y ...

{(Michael Dell, Dell), (7, Google)} [Eric Schmidt, Dr. Eric Schmidt] Yes X, CEO of Y; X * chairman * Y; X, chairman and CEO * Y ...

{(Microsoft, Hotmail), (Google, ?)} [Greenborder, Greenborder Technologies] | Yes X acquir * Y; X bought Y; X’s acquisit of Y; X announc * Y; X * plan to * Y ...

{(Google, YouTube), (Microsoft, ?7)} [Yahoo] No X * purchas * Y; X * buyout of Y; X * interest * Y; deal between X and Y; X * close to * Y ...

goboobooboobooboboo0oooboobOooboobooboooobooo
go0obooooboobooboboooboobooobobOoo soboobooboboo
gooboooo

6.3 0JO00O0OOOOO

Kato0® 0DOO0OOYahooDOOODODOOODDOOODODOO *'O00D0O00O0ODO
0000000000000 00o0DO 0booooo0dYahooOOOOOOOOOODO O
JoodoboooooooooooboboboooooooooDoOobObooooooooo
0000oO0oDo00ob0obDoOoO0obOo0oDbDO0o0obOo0obODOo0obOoobOOoobOoobooooo
KatoOOOOOODODOOODDOO

00000 KatoDP ODOODODODOODOODODOOODOODOOODOODODOO
000 WebOOODODOOO (DO-000)000 (DO0D0DOO0OOOOOOOOOOODOO
0000 KatoOODODOODODODODODODOOO)OODODOD0ODO0OD0O0OO0O0OO Kato
000000000000 (“Japanese local food”,“Japanese temple builder” O 0) 00
goboobooboobooboobobbobobobobobobbuooboboobboo
000 KatoOOOUOOOODOOOOOOOODOOUOOOOUOOODOOOO (D0OOOCEO-O
o0oo0ooO0)o0ooU0o0oooo0ooooooo

06000000 KatoD® 0DODODOO0OO00OO0DO0D0D00DO0DOOOOOOOD
00000 10000000 4000 (0-000000-0000CEO-O000 Acquirer®-
Acquiree)DDDDDDDDKatoDDDDDDDDD3)DDDDDAcquirer*-AcquireeD
0000000000 Acquirer-Acquiree U0 00 0O 0O 0O O {(Acquirer;, Acquiree;), (?,
Acquiree;)} 00 0000000O0OODO 10000000000000KatoO® 0000

*1 http://developer.yahoo.com/search/
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06 0D00000000O0O0O0D0O0D0ODOO0O0O0O0OOO (@NO000 NOOO0o0o0o0o0o00o0oo00o00)o

Table 6 Comparison between the proposed method and the method in Kato et al.®)
for queries with only one correct answer.

oo MRR | @1 Q5 @10 | @20

Kato0OOO3 | 0.545 | 43.3 | 68.3 | 72.3 | 76.0

gpood 0.963 95.0 | 97.8 | 97.8 | 97.8

1l00o0ooooooooooooooooooooooooobooooooobooooooonn
000060000 MRROOOOOO (mean reciprocal rank) 00000000000
gooobobooooooooooooooooobobooo0oooooonD ¢0oboObODbDOO
oooooo r, 0000000000000 QOOOODODOOOODOOOCDODODOO:

1 1

MRR:RﬂE:E

q€Q

MRROOOOOOOOOOO (000)00000000 (0000000000)000
MRROOOOOOOOOOOO0O0OO00O0O0O0O000O0 (MRROOOOO 1000)0
0600000000000000 MRROOOODOOOO 76.7%0000000 (0.963
0054500000 60000 “@N” 00000 NOOOOOOOOOOOO0O00000
00000000000000000000000000000000000000000
000000000000000 10000000000000000000 95.0%00
00 (00000)00000000000000000000000000000000
00 MRRO@GNOOO 0O 70000000

000000000000 10000000000 Intel Pentium 4, 3.0GHz OO OO0
OO0 100000000 O0OO000DO0D KatoOOOOODODOODOOOOODODODOOOO

(13)
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07 00000000DOOOO0ODODOOOOOOODOO
Table 7 Performance of the proposed system for queries with only one correct answer

goooao MRR | @1 (@1} @10 @20
0O-000 0.994 | 98.9 100.0 | 100.0 | 100.0
oo -000 0.881 | 85.6 91.1 91.2 91.3
CEO-00 0.975 | 95.6 100.0 | 100.0 | 100.0
Acquirer*-Acquiree | 1.000 | 100.0 | 100.0 | 100.0 | 100.0
oo 0.963 | 95.0 97.8 97.8 97.8

oog

goboobooboooboobooboboobooboobooboooobooo
gboboooooboboobobobobo20000b0oooDobooooDobDOobobo
oooobooobooooooboobooboobDobO0oobDooboobooDbOoo
O 0O “Obama is the 44th and current president of the U.S” O “Sarkozy is the current
president of France” 0 00 000 O(Obama, U.S) O (Sarkozy, France) 00000000
000000000000 000000000000000000000000Kato0® O
gooooboooobooobooooobooboooobooooOoobDooobDooboobobooo
gooobooogooboooobooooooboobUoooDoboooOoboobobo
00000000000000000000000000000 (D00 “X * president *
Y7, “X * president of * Y”,“X * current president * Y’ 00 000000000000
00)0oooo0oU0ooooO0o0oUooo0o0oUooO0o0UooO0oUDUOoOOooUooOoooO
goooboo

7.0 0O O

gboooobooooboobooboboobooooobooboobboobooooooon
dooobooooooooobooooooboooobooobooOoboooooooooDooboo
gboboobooooboooboooboobobooobOoooobO0oboboobOoboboobo
ooooooooooooooooooOoOOboOo0oO0ooooooooooooo00n0 Web
gbooobooooboooboooooboooobOoOooOobOoboboobOoOoOOoDbo
oUo0oO0oO0oO0 (MRR)UOODOODOODOODOOODOOOODODODOUOUOOOOO
gooooboooooboooooobooboooooobooOoOoOobooobooOobocOooboooDoOooOoDObo
gooobooooooooooooooooboooooooboooooooboOooooooboo
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