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[Dong et al. PVLDB 2015]
35 | | | | | | | . |
_same type @ N e Union-K S o
n 30 F different type 4 . _ _ _ _ _ 0q © .,
= —-a triple is true if at least K sources provide it o "o ° |
S’ 25 - . o m
g e 3-Estimate [Galland et al. WSDM 2010 c |
O O
20| - . . . 3
X —iteratively computes trustworthiness 5 .
o 15 - S -
o o
5 | TM [Zhao et al. PVLDB 2012] WP
10 .
£ . : - - ReVerb &
: ; ) uses graphical models and Gibbs sampling Restaurant .
i A, M e PrecRec / PrecRecCorr our methods . _ Book @
o & | | | | 3 04 06 08 1
-0.14 -0.12 -0.1 -0.08 -0.06 -0.04 -0.02 0 0.02 .Recall. '
Kappa measure
. . . . . Restaurant: 7 sources, 93 triples
Correlations are richer than copying relationships ! P
Union-25 ——— Union-75 =——1 3Estimate vz PrecRec mm
- - - Union-50 =771 LTM &==x1 PrecRecCorr mm
There is an exponential number of correlation 1 | | | 1 e i
. . - o W Tz
parameters, but we provide a scalable solution | i i i 08
08 - - [ g . E‘ I N E — Sz g
0.6 % n: % | 06 £09
i e 8
- 1 i i o4 coar
Synthetic datasets 11 I | |
/ 5 5 / % N / : 0.2} PrecRecCorr — 0.2} /.~ PrecRecCorr —
0.2 ? 3 AR | % : - Union —— P Union ——
. . . n: ﬁ% N LTM - N A
low precision high precision 0 BNV BINNL: i 0602 04 08 08 1 0 02 04 06 08 1
Precision Recall F1 Recall False Positive Rate
Majority - A~ Union-75 -© - 3Estimate —e— PrecRec -[=]- Majority - A~ Union-75 -© - 3Estimate —e— PrecRec -[-]-
Union-25 —a— LTM —>- PrecRecCorr —m— Union-25 —a— LTM —>- PrecRecCorr —m—
1 I I I I I I I I I 1 I I I I I I I I I
Book: 879 sources, 225 triples
0.8} - 0.8+ .
O O Union-25 ——— Union-75 =—1 3Estimate 72! PrecRec =3
S 0.6 - S 0.6+ - Union-50 =~~~ LTM e==x1  PrecRecCorr mmmm 1 1
3 < 1 | | - Ir== T eae . i A TR
[ [ 7 B - T L TR AT e
- - /] ) SR PrrTEia
n 04+ - N 04+ - 0sl ) .//: . - o | 0.8 N o 0.8 i
% E = :g ‘\\l\ Dc’_'ts -’{/' ':
0.2 1 0.2 | n I. 506} Wy 206
08y i ¥ ok 12 A
‘ ¥ o % | - Z - 204l WS04
0 p1 p1 p1 p=0.1 p=0.1 0 p=7; e _p=('.;{>;5 | p=oI 75 | p=oI 75 | p=(; 75 041 ¢ By / §§5 7 PrecRec - - - g | :: PrecRec - - -
r=0.025 1=0.075 r=0.125 (20.175 r=0.225 r=0.075 r=0.225 r=0.375 r=0.525 r=0.675 / : 5 : } '/A § 02l PrecRecCorr — =02 5 PrecRecC_orr .
Source quality Source quality 0.2+ é | | H /) % i * UCiTO,\q . ': UCITOMn .
/i b P V) i/ :0:4 _____ . LIM ----.
VAP ' /1 [ "0: ! ! ! ! | 0 ‘ ‘ ! ‘ \
0 'P I/) | :R : i|| FI1/A - OO 02 O'Féal 3'6 08 1 ° 0'F2alseol.;t)si’[i\(3.e6Ra’[g.8 !
- recision eca
low recall bad to good quality
Majority - A~ Union-75 -© - 3Estimate —e— PrecRec -[-]- Majority — A - Cosine - - LTM —>-- PrecRec -[-]-
Union-25 —a— LTM —&- PrecRecCorr —m— Union-25 —a— 3Estimate —e— PrecRecCorr —m—
S — 1 ReVerb: 6 extractors, 2407 triples
08¢ | 0.8 | Union-25 ——— Union-75 =——1 3Estimate vz PrecRec =™
Union-50 =777 LTM ==x1 PrecRecCorr mmm
206 06 1 ' ' I 1 PrecRec - - - b
>S5 VY o =ahal |
2 Z PrecRecCorr —
) () 08 - ) 08 B
= £ 08¢ 1 5
- 0.4 - 0.4 - . s
L LL _ 06l o0 0.6
0.6 NS | 1 8 =
0.2+ i 0.2 i . :/: [l I ] | I E 0.4+ 08- 0.4+ ,
0.41 % R . B | S ! PrecRec - - -
o _&f6-9-6--6-0-6-9-9 S / i 02! “o2|) . PrecRecCor —
p=0.1 p=0.3 p=0.5 p=0.7 p=0.9 p=0.1 p=0.3 p=0.5 p=0.7 p=0.9 0.2 V B % ; | :/ S i Union ——
r=0.25 r=0.25 =025 r=025 r=0.25 r=0.1 r=0.3 =05 =07 r=0.9 / ﬁ% | ./ 0 | | | LTM ----- |
Source quality Source quality 0 5 ./ﬁ NV N Os——062 04 086 08 4 0 02 04 06 08 1
Precision Recall F1 Recall False Positive Rate
correlation
gmon2s 1 Umont/s == SEstimate i Brechies —— elastic approximation runtime comparison
1
ReVerb - Restaurant -- - Book —(>--
1 ; . . . . . time(sec) REVERB RESTAURANT BOOK
0.8 - . |
081 - .......... B B 5_—5__5__ e ___5_ O =D UNION—25 039 056 386
o o | /./' UNION-50 0.14 0.32 3.71
7 0.6 | 506+ 1 4 . UNION-79 0.11 0.35 3.00
o ~ 77 D N s &--9 =~ 3-ESTIMATE 0.7 0.06 39
E 0.4 uis % . F04 : LTM (10 iter) 49 5.3 3791
/ﬁ _ 2, PRECREC 2.6 0.3 35
0.2 / ] 021 ¢ l PRECRECCORR 124 54 6786
/ S | | | | | PRECRECCORR-LVLJ3 79 2.25 2452
0 | /ﬂ e 0 2 4 6 8 10
correlation anti-correlation
J U




