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A% < [958 : multiple partial aligned

networks DREFY > 75l
= U2 FH (Link Prediction)

¢ eg. "KEMD,
e TREICUVIDNERSNENEDSD) ZTFERITS
s+ EHERY NT— (++exs: anchor link mmmmm existing sociallinks = = = « sociallinks to he predicted |
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BHDRY P 7=V ZEHREIESHIEH

= New network problem [25, 26]

e UV UFHTRWSNTEEROEHH=Z= (e.g. common
neighborhoods) (&. BfFEDXY kT —U M5+ REHR =D
T35 BFERYNT—IODN+0E) THDZEZIRE

o FTUWHIEMSEIEY O3 12 =5 « TlE, social network (ZE

= — multiple partial alighed networks T®DJ > 7 %l [25, 26]
e << DIFE, I—FIFMDSNSZFHHLUTWS

o BIRIEREG (b L) tBDSNS (social network) D&
z=FIA (transfer) L7zW
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multiple (partial) aligned networks @O >
I FAUDEETFFE [25, 26] DFHIRES

anchor users (MADSNSZF|BLTWS1—H) [CUMNEHTER
LY

Network difference problem [15, 23]

¢ ERDRYMNT—VRERDFEZF OO, FHReGHEsEL L
EREIEE DI ENH D

e EWDSHEZBRLESNTLARL
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» [EIREERAE -
multiple partial aligned networks D[EIKF") > 7 FH|

n BEFIE
« PU (Positive Unlabeled) Link Prediction
e Meta Path R—X DiFHE
e FEHEDER
« — Multi-Network Link Prediction Framework

u g@l%ﬁi
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REFE

PU (Positive Unlabeled) Link Prediction
Meta Path XR—X D4SHE

FEEDZER

— Multi-Network Link Prediction Framework

7 KyoTto UNIVERSITY



REFE

PU (Positive Unlabeled) Link Prediction
Meta Path XR—X D4SHE

FEEDZER

— Multi-Network Link Prediction Framework
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HEmT—49 DKL : PU Link Prediction

= Supervised link prediction ?
« 5Z 517z social networks @I w ¥ (Positive link) [
e TYIHMNESNTWLWRWERDMEZ negative £ T 5 &

e negative links >> positive links
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HEmT—49 DKL : PU Link Prediction

= PU (Positive Unlabeled) link prediction
e TYINELSENTULWRWEARDHEIE unlabeled &EZ&ZZ 5 NE
 positive links & unlabeled links 52 5Nz HETMH D FEF &
EZ2D
« — unlabeled ®FH 5 reliable negative Z# U 7= L
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Reliable Negative Y > 7 DOt

training set | Spy Positive Links Unlabeled Links
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| Reliable Negative Links

= Spy DF THEH Negative > I EWVWHD
- KD HEIC Negative 72 H D %Z, Reliable Negative &9 5.

= Spy Technique has been proposed: [13](CIKM 201 3).
= [28] (ICDM 2011) apply this technique to graph mining area.
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PU (Positive Unlabeled) Link Prediction [13][28]
Meta Path R—XDFH=E

FEEDZER

— Multi-Network Link Prediction Framework
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Locations Socic what kind of features can
Q be extracted ?
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Meta Path : 757® "IXA" Dk

J—=RPIyIDEFRZEZD

= "Meta Path: A Key to Mining Heterogeneous Information
Networks" (Jiawei Han, Univ. of lllinois)

s WEKEXTOD path: "dpsh0hn, TIKAR,
« "Alice --(follow)--> Bob --(follow)--> Eve"
- Path:* —* =~

s BRGIERED./ — R, L LIERE
BENEZEND

« "Alice --(checkin at)--> Kyoto Univ. --(checkin at -1)--> Bob"

Ty I, INRICHBERR

bk
l]]}I

« Meta Path: User — Location — User
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SNSODNetwork Schema
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Intra-network Social Meta Path

Homogeneous Intra-network Social Meta Path
s AED ./ —RZES/KX

e ID 0. Follow: User 124, User, whose notation is

“U—U”or &9(U,U).
follow follow
e [D 1. Follower of Follower: User —— User ——
User, whose notation is “U — U — U” or ®(U,U).

follow follow_1

o /D 2. Common Out Neighbor: User ——— User .

User, whose notation 1s U — U < U” or ®o(U, U).

follow_1

e /ID 3. (Common In Neighbor: User
follow

» User

User, whose notation is “U +— U — U” or
O3(U,U).
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Intra-network Social Meta Path

= Heterogeneous Intra-network Social Meta Path
= IED / —RZE /WX

contain

o ID 4. C(Common Words: User Wit Post

write_l

1
Word <2y pogt LT User, whose notation
is“U—P—> W<+ P+ U’or &,(U,U).

contain

o /D 5. Common Timestamps: User Wit post

write_l

1
Time » Post ———— User, whose notation is
“‘U—P—->T<+ P+ U’or ®5(U,U).

contain

. . it

o ID 6. Common Location Checkins: User —°s Post
ttach 5 ite 1
s Location —= 5 Post —— User, whose

notation is “U — P — L <~ P < U” or ®(U,U).
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Inter-network Social Meta Path

anchor link Z8/\XA =Xy N —7J%Z 172X I 5/\X

-----------------------------------------------------

Network 2 Network 1
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RHEDFHR

s X D(u, v): (U, v) BID Meta Path @ Ic K258 =

R R R 1
c =T —Tp — - —— Ty

* z(u,v) =I(u,T1)I(v,T})

Z 1:[p(ni,nz‘+1)l((ni,m+1),R,L-)

ni€{u},no €T, - ,npe{v} i=1

= (U, V) ED © OFD Meta Path D&%

= p (formation probability; ¥k > 7 Bk 5 N1 % RiAHER) TE
217
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REFE

PU (Positive Unlabeled) Link Prediction [13][28]

e Meta Path R—X D E (inspired by [17] work)
« Meta Path

o Intra-network & Inter-network Social Meta Path
= DER

— Multi-Network Link Prediction Framework
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Meta Path Selection : EHGISEHEDE)

P XZ — CIZ,Y —
22 E Y = P%, S0P =

= X_i: Meta Path @ _i [cX09 255EHEZERIREE I XTI
s Y: SN (R IO ERENENE S EKRT)

= JFRIVIDERSNEDNE S ERIEREHE OMi(BABHRE)
MNREBRFHEDHZT

= — network difference problem (ES>EEDXY NT—Ih5
BIERZEZ I DEHENRE DI ENH D LHERE) OFE
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= ERTFIE
« PU (Positive Unlabeled) Link Prediction [13][28:201 1]
« Meta Path X—X D¥FE= (inspired by [17:2011] work)
« Meta Path
» Intra-network & Inter-network Social Meta Path
. BFHEDER (Meta Path Selection)

« Network difference problem D###£

« — Multi-Network Link Prediction Framework
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EBHRY N7—90DFRY 7 Fiil
Multi-PU Lmk Predlctlon Framework

’ update network

feature 1 1
extrac on( y(P).yt) )771 Ul 1 £1
( 1 N S [’
| X2(P): xa(U) | pyild predlct
_J

update network

2 2
(P>, yU?) )7»2 )
> T
X@(PX),(IZ%(U) build predlct
o
X

£2)p(£2)

update network

.......... q)’ predict
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EBHRY N7—90DFRY 7 Fiil
Multi-PU Lmk Predlctlon Framework

- update network

1. U JlcMeta PathR—X DREINRNY Nl =45 (yFIH)
2. PU TETFIL p(y +1 |X) Z{ERk
/ FIRY 2% HE BEHT(?)
3. EFILTCy %EEvrﬁ (argmax DFTEDEE L, BD =R v
N —7 TEE)
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» FERE
multiple partial aligned networks D[RR > 2 FH|

n BEFE
« PU (Positive Unlabeled) Link Prediction [13][28]
e Meta Path X—X D= (inspired by [17] work)
« Meta Path
e Intra-network & Inter-network Social Meta Path
o BFHEDER (Meta Path Selection)
« Network difference problem Df#R
« - MLl (B#xy NT—27DEK" > 7 FHl)

= SEER
) Kyoto UNIVERSITY



£8% : Dataset

e Foursquare and Twitter

Table 2: Properties of the Heterogeneous Networks

network
property Twitter Foursquare
user 9,223 5,392
# node tweet/tip 9,490,707 48,756
location 297,182 38,921
friend /follow 164,920 76,972
# link  write 9,490,707 48,756
locate 615,515 48,756
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525% : Settings

e Ground truth: existing social link among users
e hide part of the existing links in the fest set

* build model to discover these links

e Comparison Methods

e ocd LI (Multi-network Link Identifier)
P I (Link Identifier): predict links in each network independently

e SCAN(Supervised Cross-Aligned-Network link prediction): supervised link prediction,
no meta path selection,
SCAN_s (SCAN with source network): features are extracted based on
inter-network meta paths
CAN_t (SCAN with target network): features are extracted based on intra-
network meta paths

e Evaluation Metrics
e AUC, Accuracy, F1
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XhR : \R

[ Tnall}
[TLLIY
B
S

= PU link prediction & meta path & meta path selection (3#&%
FEDEDLER) T
BFFE (25, 26] otDZZI [A]

s EMRY ND— O EEITTCFAICT D ERATIEEICHLE

= anchor link (EZSNSZRIFICFIAALTWAI1—1) OEIE (fHEh)
MNWREWERXO7EME
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(a) Foursquare-AUC  (b) Foursquare-Acc.  (c) Foursquare-F1



XhR : \R

= Multi-PU Link Prediction Framework @ JL—1&10[c
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» [EAREERTE
multiple partial aligned networks DFEEY > 7 FH|

= BEFE
- PU (Positive Unlabeled) Link Prediction [13][28]
« Meta Path X—X D4FE=E (inspired by [17] work)
« Meta Path
» Intra-network & Inter-network Social Meta Path
- FEEDER] (Meta Path Selection)
« Network difference problem Df&R
« > MLI (BEXY NT—7DRIK"Y > 7 FH)
» EERIER
e IBEDT Vv I DELERTRO7ZAL B8Ry NV —J DEETEICH L
 anchor link DEIENRKEVWE X7 AL
o JL—7IE10[ERZ2E TR
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