Inferring Social Ties across Heterogeneous Networks

Jie Tang*, Tiancheng Lou*, Jon Kleinberg”
*Tsinghua University "Cornell University

Bridge: Social Theories

Input: Heterogeneous Networks GUtp"t,: Inferred social ties in Relationship Dataset #Nodes #Edges

different networks — =
Reviewer network . Trust Epinions 131,828 841,372
. Data Collection Friendship Slashdot || 77,357 | 516,575

SR Friendship MobileU 107 5,436

el s Manager-subordinate MobileD 232 3,567
/’ S Advisor-advisee Coauthor 815,946 | 2,792,833

— 7w Manager-subordinate Enron 151 3,672

—_—— distrust Lrust
Fob % Bob ,./ \
T distruste—__ Social Balance

/,

Chris trust  Chris

reyrew N ~ 1 ; ;
l-_> Bl Epinions (A) (B) © (D)
—_ _ — ~ [_]Slashdot
Danny revicw i > | — Danny 0.8 [CIMobileU |
et £ Knowledge el | Social Balance: The enemy of my enemy is my friend.
Transfer for '
e smf?rlrE 0.4} - Observation: Different networks have very different structural
=] S s os balance probabilities. While based on friendships three networks
< ' ' have a relatively similar probabilities.

o VA o -

Fram Home Esthio siice relationships communication links
R Mz i — 1800
hY
From [lli:c. j A

hh: 5=

'F"_r::l: CHlice b Fran CHEice - Broker
F Structural Hole
Fram (hulsicde 1 T T
70030 Random
[ ]SH-not connected
0.8r [JSH-connected | Structural Hole: A person is said to span a structural hole if she
. . . 0.6l connects people who are otherwise not well connected to one
Problem Definition - it
0.4t
Observation: Users are more likely (+70%) to have the same type of
0.2t 1 relationship with structural hole nodes.
INPUT: a source networks Gs with abundantly labeled relationships . N
Epinions Slashdot MobileU

and a target network Gy with limited labeled relationships.
OUTPUT: a predictive function f : (G | Gs) -> Y7 for inferring the type
of relationships. Social Status

0.8 .

Modeling : Transfer Factor Graph Model

0.6

__10 1 Social Status: In a triangle of three nodes, We take each negative
edge, reverse its direction, and flip its sign to positive, then the
resulting triangle should be acyclic.

Constraint factor <
PLP-FGM

v,~Friend Partially Labeled
Model

Observation: Nearly 99% of Triads in The three networks satisfy the
social status theory, and they share a similar distribution on the five
frequent forms of triads.

(Y12, Y21)

Y34="?

y;7/Frien

Labeled Vartable

Enron Coauthor MobileD

g 9 (Y12,Yss) i
O
\ f(xy,X2,y12) Vs . K O\o% 79
& Correlation factor g Two Step Flow o y
/v ®
\tﬁL' —®
& O:: P \
’ ) 1 ' ' OO/ / \ f?\:*O
— W from OU to OU ke e \©O
S [from OL to OU %/ PN ©
0.8r [CJfrom OU to OL ] ¢ Je*
: Bllfrom OL to OL
jute factors f 0.6 n WAverage : . . . .
| t — Two Step Flow: Ideas (innovations) usually flow first to opinion
npu Model 0.4 . leaders, and then from them to a wider population.
0.2k 1 Observation: Opinion leaders are more likely to have a higher social-
I ﬂII status than ordinary users.
0 Enron_ Coa?tl%r MobileD
Coauthor ———> Triad-based factor
network PP
ge
Mobile via social — <O ° _c@
. é i /
network theories '

0.8 . . .

— MBoth weak ties R AT j
! o []Both strong ties Spelgte strong tie
O(a, B, 1) = Os(a, 1) + Or(ff: 1) P 0.6t — [lAverage -
L 4
Vsl d ’ IV |§ s j,'
1 1 _ (.S .8 i, I .
O bJ eCt Ve _ Z Z “59;5 (mij Y3 ) —l; Z -‘SJ gj& 250 Yi ) Lea FNi ng 0.4 I Strong/Weak Tie: Strong tie implies that one's close friends, and a
i=1 = l—— 0% =1 j=im—r - user may have the similar types of relationships with friends of strong
fu N Ct | O N n Z 1 ( Z hy. (YS) 4 Z hi [YT)) Pa ram ete rs 0o | ties and more diverse relationships with friends of weak ties.
C C .

£ ceCs ceCr l H ﬂ Observation: Two strong ties result in a higher likelihood to share the

— log Z 0 H —

same type, while two weak ties are much more uncertain.

Enron Coauthor MobileD

Data Set Method Prec. Rec. Fl-score [ e = — ! ﬁ : oo Tl
% -5Vl 09 s takL &
SVM 0.7157 09733 0.8249 ood o oo < CRF
Epinions (S) to CRF | 0.8919 0.6710  0.7658 N et I rwro-sq Groxaic fnatelle
Slashdot (T) (40%) PFG 0.9300 06436  0.7607 3 il I i ] 1 | o — i\ : Jhirs) S i
TranFG | 0.9414 09446  0.9430 N N 7 rodl e ET::QFML /i :
ANFG - | TranFG-SW ' | /
SVM 0.9132 0.9925  0.9512 ) S 7 | o B 1ren G55 ] . )
. . X . . . ; . ) o Y ranFG-SS- | . |
- 01 02 03 04 05 06 07 08 01 02 03 04 05 06 07 08 09 ° [ TranFG-SS-0OL | |
Slashdot (S) to CRF 0.8923 09911  0.9393 pecriae pecriage 2 . e | VY | - / .
- L. (a) Epinions-to-Slashdot (b) Slashdot-to-Epinions 0 .85/ @ 07 \ Esteban Ieue{;xe o/ | Oddd Regev | Esteban lg;:_erste v/ | Odgd Regev
—_ Epinions (T) (40%) PFG | 09954 0.9787  0.9870 8 g renro o 59 [ Luigi Laura | 9053 09 IIf g Lawa | S5
(3D TranFG | 0.9954 0.9787 0.9870 ' ' ‘El_ 08 i \ £xe \ e // ;
09 04 e \ /
0.75+ - e
o N SVM | 0.8983 05955  0.7162 o .t oos = \ .~ \\- il
w Epinions (S) to CRF 0.9455  0.5417 0.6887 1t o it P 07t » Ths Yot s
-5 MobileU (T (40%) PG 1.0000 0.5924 0.7440 Eoe ﬂgzggga ?0 +H§2Eg:§a 065 L] Stefano | eonardi 7 Stefane Leanardi 5
i TranFG | 0.8239 0.8344  0.8291 . TG : TS O : L ot A Linel Nowiin-Eye
L y tan = Liant v6ew1n fytan
Slashdot (S %‘;{I\'FI 0.8983  0.5955 0.7162 7 03 u&percg aageds 17 08 %702 03 u,‘4pem2 r?tageu‘s 17 08 H N k g Sergs Abi toboul ~ / Sergs Abiteboul J;’
as ot ( } to 0'9455 U‘541T U‘GSST (c) Epinions-to-MobileU~U (d) Slashdot-to-MobileU ios b J B Y J /
MObIIEU [T} (40?’%’]’ PFG 1.0000 0.5924 0.7440 ! O m Oge n e O u S etWO r S (D l\!‘lfp([‘)‘fﬁl;;ﬂd :\rlr‘zxjelrl‘x)nd
TranFG | 0.7258 0.8599  0.7872 g i s
N } N - - (a) Ground Truth (b) SVM
g - ) — Data Set Method Prec. Rec. F1-score o ——
e e Slashdot (S) to PFG 0.9300 0.6436  0.7607 < s fossi_Azar
Data Set Method Prec. Rec. Fl-score Zog s Zos Tars s Slashdot (T) (40%) TranFG 0.9948 0.9185 0.9551 " o
SVM 0.9524 05556  0.7018 . T - e © | TranFG-Heter | 09414 0.9446  0.9430 . o= T v Giorgio Ausisl o
Enron (T) (40%) CRF 0.7778  0.7673 0.7725 STEr e wr_gr_d o g5 T Y Epinions (S) to PFG 0.9954 0.9787 0.9870 i P ]
PFG— 0.9130 0.7241 0.8077 (a) Coauthor-to-Enron (b) MobileD-to-Enron E p . ('I‘} [4(:'9_! } Trﬂ HFG’ 0.9954 1.0000 0.9977
inions )
MobileD (S) to Enron (T) TranFG (M) | 0.8438 0.7941 0.8182 03 P ¢ TranFG-Heter | 0.9954  0.9787 0.9870 |
N PFG 1.0000  0.5924 0.7440 ‘ . ’ | Oded Regev
o Coauthor (S) to Enron (T) | TranFG (C) | 0.9091 0.8824  0.8955 v o MobilelU (S) to T i i [ st repstcl | | /- OafiRee
— SVM 0.6910 03727  0.4842 e peci : : . : 28/ [I[ Luigi Lawra / [ g’
PR 104 ::;?FG—SS—OL =09 4=TranFG-55-0L MOblleU (FI'} (40%] \N 24/8 \ /
(D Coauthor (T) (40%) CRF 0.8472 0.2937  0.4362 [ resss e TranFG-Heter | 0.8239 0.8344 0.8291 \ \\ . Z o
Q ouuthor (D 407 PG | osiso 08T 047 : = 1 Faron )10 TRG | 09180 07241 08077 e -
(D r:[‘]_::']:—I‘(} 0. 5936 0_7611 0.6669 102z 03 04 peréﬁmge 06 07 08 03 B0z 07 s Dmgr?tage 06 07 08 0§ Enmn (T} (40%} TranFG-Heter 0‘9091 0‘8824 0‘8955 b\. ! - . 2 - Ste!»a?ge"vggnardl
e8| MobileD (S) to Conuthor (T) | TranFG (M) | 0.5235 0.3889  0.5283 RES——— @ M o : : ! i _’ -
Enron (S) to Coauthor (T) | TranFG (E) | 0.8193  0.6415  0.7196 D | Coauthor (S) to PFG 0.8189  0.3377  0.4782 o o ey
SVM 0.5249 0.3725 0.4358 0 o Coauthor I:T} (4[]%} TranFG 0.8321 0.7433 0.7852 Sers:%.}\l’:'gf}’eboul ﬁ / Serﬁigl?‘}‘“tzeboul ﬁ
MobileD (T) (40%) CRF 0.4454 0.5763  0.5025 el N TranPG-Heter | 0.8193 06415  0.7196 o W 4 w
one " ‘ : ‘ sl 1, o ssal _ PIG 0.8739 03731 0.5229 Ariframd gl arifopd M
PFG 0.8739 0.3731 0.5229 2 e Tare s | o P MobileD (S) to Julie; Doy i e
E (S} n M bl D ("I‘} T FG (E} 0.8013 0.4308 0.6010 . *iﬁggig{v—o . TranFG-SW-0L] MoblleD ('I'} (40‘!}{] TrﬂnFG 0.8843 0.6115 0.7230 44/20 44/20
nron 0 Mobile ran . X . : ke | i o
of e o1 s TranFG-Heter | 0.8323 0.5154 0.6366 (c) PFG (d) Our approach (TranFG)
Coauthﬁr (S} to MOblleD (T} TranFG (C} 0,8323 0_5154 0.6366 §1 02 03 04 pemléﬁage 05 07 08 08 BL R T Dercgﬁage 95 07 08 u® pp

(e) Coauthor-to-MaobileD (f) Enron-to-MobileD




	Learning to Infer Social Ties across Hetergeneous Networks.vsd
	Page-1


