IEMMIPHASH/YEE T —2~N—Z Vol.b No.5 85-94 (Dec. 2013)

I—YOFAEREEEBEL -
J— ¥ )Lty NI — 2 FOIBERILETE TIL

T e HH A

A2 ,b) (%EE] %3,0)

ZfTH 2013F6R21H, #*$%H 2013F8/12H

BE: +rIfraia=sq LT, FITT5 My 71003 2 EARLHEEITE, Bk X OREHRsS KA
%%&E%@ETIFD,AﬁéﬂTm L IDEIBY =Ty MU= 7L@Mﬁ#ﬁ%%7wm

THIEIZK TRRAT T AREO TR, B

FEOREWZ—FOHIH & A REICR 5. AT,

%l—WKEET%¢ﬁ%EBK%;khioT,1—%%@%%@ﬁb@?¢é%%?ﬁ%%$%i@
R HERE T & 2 WHIEHCE 7V 2R K T 5. BARIGICIE, 21— FIRINHGEEE & L C OBERE & Wk
Sl L LCOWARNBE R LIUEL, (RIS RN~ ORHER B L Tk E 5 L 75

FEERIZK Y, BEEFTVIEEREFIVEHIKL T,
TEL2 L%y, T, EF—FafliozFERICLY,

UK 2 FREREDS A LS 5 2 & 2R,

F—7— R EHREEE TV, BT T,

B BT — 5 OYE “C?é/\7)< 5 & IEREICHEE

REETNEMH) T LI2E 0T, RIMOILHI

=Yy WAy bT—=7, WA A — FETN

Information Diffusion Model with Latent Features of Users

on Social Networks

YUYA YOSHIKAWA!®)  ToMOHARU IwATA2-P)  HIROSHI SAWADAS:©)

Received: June 21, 2013, Accepted: August 12, 2013

Abstract: People share various types of information including opinions on hot topics, bookmarking activities
and rumors via online communities. To make it possible to predict future trends in online communities, it is
important to develop a model of information diffusion through social networks and a method for estimating
its parameters. In this paper, we present an information diffusion model, which can effectively estimate dif-
fusion probabilities by capturing the latent features of users. In particular, we assume each user has features
as information sender and receiver, and diffusion probabilities depend on the features of both the sender
and receiver nodes. We demonstrate experimentally that the proposed model can estimate the diffusion
probabilities more accurately than commonly used methods. In the experiments using real datasets, we show
the proposed model can improve the predictive performance for unknown diffusion phenomena.
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Fig. 2 Average RMSE between true and estimated diffusion probabilities.
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Table 2 Network statistics and parameters for synthetic data.

RS 5]
J—FH VY WmKE | K o @
KARATE 34 156 4.59 3 —1.5 0.1
Broac 12,047 79,920 6.63 5 —-3.5 0.1
Mix1 80,608 571,136 7.09 7 —6.0 0.01
i, 20010 BT DIZ AN~ A I 7 BRO—E%

L7y NI =2 DF =54y bThb. ¥4I/
I—HPHOEFICL o TESNABRD 2D, T_XTH)
M) > 7 EmoTnb. R2EET—5 £y FOREHEE
NS

INT A —Z EERFIDER : &%/ — FuecVIZonT,
BAERHANY MLz, y, &, PP K RIEFEXZ M
0, EHEATHIN K x K OHAATH T O K RICIERG
NO,I) A L7z, 2D, & 27 (u,v) € 12D
T, X (3) &flio T, BOEIEHER k), = f(@u, Yo,7) +e &
L7, 22T, e 30, 5B a OIEBRSAIHED
A X%RKT. b L, B LIAEEEEDI0 < Ky <1 Th
IR, e A EAERT A, K4V VT TOK, v, a DI
3 2 1R T. IECRY d,, 1, AT v A1 o0
HE ) — 2 EO, Algorithm 1 Z#H LAER L2, &8,

BB ST A =% p 13K v 73BT 1.0 ICRE L 7.

JEHCRFIOF M 12, KARATE & M € {10,20,---,200},
Broc, Mix1id M € {50,100, ---,1000} & L, £h<Eh

IZBWT, 5ty hOT—F AR L.

MIFE I 2MEONT A= FHEEEE I TEE T 5. 1
DHIE, 3CHk [16] TIRESNK Y ¥ 7 DIEIEHERZ R
HEICL > THEHET 2 HETHL. ZOFEIZL 4G
H% SaitoICM & &Kt d 4. 22HIE, §XTHOY 7D
LifiER 2 —0fle L CTHEES 2/ TH 5. SaitoICM
ERBLTETIVORBRENIZIZ L V—T, HEER/T
A—FHEENTEETH D Z L5, ICM %1 - 725 H Tff
HENTw5 [21], [22]. SOHEICL H#EH % SimpleICM
ERALT 5.
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HE L ZBHEOFE : %) >~ 7 (u,0) € ETHLT,
HORIRMESR rr, EHET L7ABIBIESR fy, 85 2 172 E
&, FOEEFLT O RMSE % i > TEEHid 5.

| ‘ Z uv H’Ml)

(u,v)€E

RMSE =

%B, LFICMIZK K € {1,---,8} THRST A — 5 Hfigx
TV, O BEEOMEPIRKEL Lo 2FATEZ R L 72,
SaitoICM & SimpleICM b [AkETH 5.

X 2 1%, KARATE, BLoGg, MIXI IZ B} A {ZEHER O
i’a?ﬁ%aﬁ#%ﬁ@“. FEHiIIEE A L iRy o x
FL, HE I E OIRIRIEER &M L 72{BiBiER O RMSE %
F¥. T, IRTCOAY MT—=2712BWVWT, EETL
LFICM [3HERTED SaitoICM & 1) & 2RIZ/NE Vv RMSE
Ll odz, ATRERICIE /A AR FETWAE D, RET
TIUNEHEIZE S 2615 &) ZBAMEZEbRTWE &
MBETE 505, ZORNTHIREET T IVIIEER Anikik
HEWECTELILERLTWA, F/2, SimpleICM (13
WRTIDSD 7 TH, HALMREHER R #fE T
ETWA, T, TOEFADNAY NT—2&&KkT1D
DAIZIBIER U2 w20, A WILEGRYIT b #seE
%ﬂ%t’é&wﬁgféé LH»L, EFVHI+H5ICHE
METIE 072012, HCRVIOEK R L TH etz
NEL 7 %t;m. ?m%v’ET)lx LFICM I&, SaitoICM &£V %
EDLOTHLRVILFRYI OB T SimpleICM £ ) & B\
HEREICFIZEL TWL I Ens, LRVEllT—7 25
TOMEB MR HEETE DI 505

5.2 R K O:FER

B L 7 38R0 & T IO RBLIT & AR Y by

DRICE K Z3®IRT 5 2 &1F, 789 2 — 7 HOHIRKIZD
Y, ETFVOBRBFE 2 CRIRPH L. I TIE, A
TR AR L 723 EGRE 2 & ORI 7 MV DRI
K 2 BINCELDEMRT 5.

CDOFEEBTIE, KARATE &2 v M7 — 27 Zffivy, DToOF
NE TR 2 BB L7z, & K* € {2,3,4} 128V,
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£33 EF—5ty hOKEE
Table 3 Statistics of real datasets.

=R Ny CFARE | ECRIE CFERSIR . RRRTIR RhARTIE
Dica 11,832 167,244 14.13 1,000 180.25 3,563 15
FLIXSTER | 20,254 124,088 6.12 3,000 49.27 6,444 1

~1.201x10K" =2 13350 K =3 ~13700

1 —13400F 1 —13750
4 13450 F 1 —13800
14 —13500F 1 —13850
1 13550 1 —13900
1 —13600F 1 -13950
1 —13650 14 —14000
1 13700 1 —14050
1 13750 1 —14100
) = 13800 e —14150

0

2 3 4 5 6 7 8
Dimensions of latent features

(b) K* =4

2 3 4 5 6 7
Dimensions of latent features

(b) K* =3

2 3 4 6 7
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3 KARATE 7 — ¥ I BT BTN 7 — 7 120§ 2 W B
Fig. 3 Log-likelihood of development data in KARATE dataset.

0, 1 O K* RIuGIER A6 X, Y % ERL, K (3)
o TEY V7 (u,v) DIEEHER Ky = (@, Yo, —1.5)
ZEHHET 5. CORBHEOTT, IIHMHT -2 &L
T M =200 DIEFARI 5 £y b, HAEHT—%E LT
M = 500 DILFEE 11 MERK L 7.

X 31k, ThFho K* (2B 3BT — % O Ek
EDOMAERT. MRS T — 7 OXBOCEE, A
ERFICHE L K OETH 5. B EOMEE, K (10)
DN THD. K*=2DHETIE, K=2THELE
TNOMBRIENRDODRKELL o7, K* =3¢ K* =4
DEETIE, BEORITHD & ST BREI RKICR S 7%
WA, FO K DRBECHBEILED LADPSIGELTWws 2 &
BRTENE., ZOfEEPS, ok ) ICHEHT—%
i LIk oT, TV EROTRICH L RICE K
AT & B W REMEATRIEZ S /.

5.3 EF—RICLBEFEEFILOFHE

F—2ty b HED Web ¥ — A58 N7z Dica
7 —% & FLIXSTER 7 — % Z#ffifl L7-. Dicc %, V—7
V=a2—A% A b Digg*' b Ehz7—4 v b T
% [12]. Digg TIE, L—HIF Web R— JIZHEE1TH
ZENTE, HEATHIV -V Ay bT—=2FAHLT
LHEND. EETIE, 1,000 D Web _— I % FIRL, %
N— T DR FEIL = P ERER D S I HCRE 2 VR L 7.
72, TOWeb R—=VIHE L2 —F 06454y b
77— 27 %4 L7z, FLIXSTER (&, ¥V — 3 ¥ JVHLHEH A k
Flixster 222 L SM7z7— & v FTH 5 [7]. Flixster
TiE, 2—VEMEICFFR 2T e TE 5. EBT
(&, 3,000 AOWLE 2 #R L, FEIZH»2bh 5 &R |2
FERL L 72— LR L R 2 S IEHCR A A R L 72,

*I http://digg.com/
*2 http://www.flixster.com/
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T/, MEICFES L= o% b2y T — 7 B
L72. & 3 1%, Dicc & FLIXSTER DFEIEZ /R .

TA Mty MEEAEICEBEHE ¥ & — S i
S AR ORI 57 X by b OxFEICE & 2F:ifi
A5, FHLILETVETA MY 526N L X,
7 A Mty PEIEOFEIEN (10) 2o TUTO X
IERT 5.

Lio = = log P(Dye| X, ¥, 4,7,G)  (22)

| Dyest]

ZIT, X, Y, d, PdEnEnIEity Mk piEEE
ART. COREL, - RNBT T4 T hBENED)
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FA Mty MEBREEAHEOET VI, RAOJEES %
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SimpleICM % 3Hii§ 2341213, X, Y, 4 2 & 12#
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L7,

B 41, ¥ECHHT IR OBEZL e/ &
DT A Mty MEBEEOTY 2R, i s A bty
M EOCEE O Yy, BEENEEIEE Y v P OILERVI O TH
L. WSG9 mA L), T =%ty MIBWT, LFICM
K OBEICESFRORECHBLELER L 72. Dice
DFGERTIE, b P WILHGRYITHE L7z LFICM 25k b
Z W EHGRY) THH L 72 SaitoICM % SimpleICM K 1) &
RKEWHBIEDEICE 572, F72, FLIXSTER IZBWT
1X, SaitoICM 7% 2,500 RFIfH - CTHH L7284 & LFIC
7% 500 AH & fifi > THE L7254 CRZ OB E M &
ot NLF—4%%flis7-%El (K 2) TR7Z-X912,
LFICM 250 2\ 7 — 4 5 5 T O RIFER 2 I R CHEE T
ETVWBLIEAREEN, ZOME, TA MLy Ot
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FuSEHRE — Feholb &, 207 — FOREIZ
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Fig. 4 Average log-likelihood of test data at varying numbers of diffusion sequences for

learning.
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Fig. 5 Estimation error of the expected degree of influence at varying numbers of dif-

fusion sequences for learning.

Algorithm 3 INFLUENCEPREDICTOR

Require : ~v M7 —7 G, {5/ — FEAS S, FEEL ST X —
5 v, AZHEER {Kuo}(u,v)ce, AT T

1: influence — 0

2: for m < 1,2,---,7T do

3:  dmy — ICMGENERATOR(G, S, 7, {Kuv }(uvyee) // Alg. 1

4:  influence — influence + % |dm |

5: end for

6: return influence

FEMoTYIal—Yar&4r) T EI2L o TR
EalEEd 5. Algorithm 3 1%, HFEEEHEDOTIEEY
R B, BATHEECT 1350 1ZEkE LS.
UTOFRIETEREZFTH. $7, Dicc & FLIXSTER D
FNENIZBWT, $XRTOWEHRIZH->TK /) — FD
BEOMFREELYETL. 4B, 1ELHBRE — &
LTHHL L o7/ — FIZEOYFFZEENGHTE
7z, FEMTCIRAEE L v, RIC, —E0dnEcRY %
i TIZIRIER L BB ST A — 7 e L, e Lz
INT A—=F DT T, Algorithm 3 Zffi> T%K/ — FOMFE
WREERRRET 5.
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Fig. 6 Computation time for parameter estimation on

FLIXSTER.
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