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Abstract  Modeling interpersonal influence on different sentiments is a key issue for opinion
formation and viral marketing. Previous works directly define interpersonal influence on each pair
of users. They fail to depict the unobserved relationships between user pairs and thus suffer from
the overfitting problem of learning users’ influences. Moreover, there are still not effective
solutions to integrate users’ sentiments to understand the interpersonal influence. Therefore, we
propose a user’ s distributed representation model with sentimental factors. Firstly, two low-
dimensional parameter matrices are applied to represent opinion propagators’ influences and

opinion recipients’ susceptibility on different sentiments. And then, we describe cascade behaviors
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with the survival analysis model. Finally, the imbalance of positive and negative cases is solved by

employing negative case sampling technique, according to the distribution of infected users’

frequency. Experimental results conducted on Microblog database with different sentiments

showed that, compared to the state-of-the-art models, our model improved 273 % and 32. 4% on

MRR metrics on “Predicting Cascade Dynamics” and “Who will Be Retweeted” tasks respectively,
and reduced 10.46% on MAPE metrics on “Cascade Size Predicting” task, which verified the

validity of our model. Besides, analyzing the distribution of learned users’ sentimental influences

and susceptibilities resulted in some important discoveries.
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[ 11 DAy S92 6 K50 . [ s 6 S 2% 8 R P A S 1 Y
UL T AR SCE SCo R — 25l 7 rp A0 5 1) I T 1
FAFABOR T T 2 7 A A B I A I A7 S
T AL 82 1 5 5 e AR B R K A O 1
TG Sz g DT s IR K

@ http://www. weibo. com
@  https://en. wikipedia. org/wiki/List_of_emoticons
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I R B gt T LR B 2 P R R
R F B AR A 9 G s B — R
B ol 886039, 33 AR 1Y By I 2 AN T 7= A T AR K
(T4 TRV S 1N R R )z L A SCHE P TR)
RRFMGIE R KRB R T ARE T H P
BRI I (18 B[R] 1 80 4 S HHi B 3 X B s AR i
FImiAb B AL BRI

(1) | F 5 & AT BBl i & 1 g 35k o IR Ok 7
G 2 D ask A v R IS T B B R i ) R e — S
DN 3 22 i 9 s e A e

(2)ESLRF v IR AR E P 0
R NIRELA LR o S5 RINIRELA . Z
FLEIA,=A. +A,..

(3) 3 HORIC A 4 v FH P 3% BR B R 40 By P
VEAFh 7 P (4853 A0, %t F Ak 4 T 5% % % &
S F0E BRFH P IT (5 B DA K BN 24T HE R IS
Bk /0N LU 81 7 2 00K o B 2449 B — AL k. e 1 () T
s ik OB JE B BOHE B R 25 BE N 2013-10-31 &
2014-03-03, Ay 6219 A~ FH 7 i A Gk i) K
ANEFI 44021, $odls 4R B 325 A IE T I gk
SR 5 412 A BTH G SR PR R I TR A e ) 2 K K
IEAF AR R M. 36 1(h) B R T G0 v P 06 BR 19
Ll 5 RECH 4, R BT BUE 42 vh ] LU 2
S 3 B P AT A o BRAIE TR L 2 2] A 2K

F 1 BENETESITHLE
(a)

] [r] 25 32 iDaRsS G/ NN L N—
EW - fm
10/31/13 % 03/03/14 6219 44021 325 412
(b)
FHP G BRI LU
iz B AR iz AREL
5 4 37 10

Pl 2 Sk Ik 1A I I8 85 B2 23 A o T LA o i () 2
o 2d WSIREH i % . A 257 4. T B AU 4
A 92. 6 ORI ZRIR A A S WIME 8d Z N | 3 s il T
IR RN Z R A A B AR GO R /INAE 10 ~
100 Z [8] 73 A1 1) Lo B % 2. B 4 o 1 9k b 4 %
TE B A 0 19 AR e (0 FH AR 139 20 A 7 .

6 X I

6.1 XIWi%it
SEE PS4 Ubuntu 12, 04,5 LTS, Java(TM)

0
1234567 891011121415171819212328303435436881
I 25 1% /d

Bl 2 I A B BE 4y A

400 600 800 1000
PR

IR 3NN YAV ]

T ) zVSTITEH] - *4 o3 TTee><T T2 (B¢ 1Y~

4 REFHIEN A

SE Runtime Environment (build 1.7.0_75-b13),
AMD Opteron(tm) Processor 6320,32 GB N 1. ¥
BEUWE T VR 5 AR SCRY J7 vk N AR AR ] B B0 4R L ST
TEHCT AT X L AR

(1) CT Bernoulli(Continuous Time Bernoulli)
Fl CT Jaccard (Continuous Time Jaccard) i 2],
PR R FR S i 3 0 F [ A R il 5 0 I () 2 0 PR R
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Hl

AL
-

i 2017 4F

R TS PR EE s SR FHAH ] 1) 5 R BSOR e T P e Ji
R o e HM% P, B P, =P/, —t,+ 1.
TR G Y HRE B2 el oK Bl T L O Bk
TR P HORE B Y — K. L 4h, CT Bernoulli £
RINI UG A% WG % P, IR AN Bernoulli 434, B P,
Auzo/ Aus CT Jaccard $59) I 1% 55 #E 5 P, Ik A
Jaccard Index, Bl P), = A.../ Aujo. FHoH Ao TR TE
R w B v WL AL R R R
Fru M o B RECGHEE LB w Fl o [F
BB A A DA = A+ A — A HT
v EiTE VO VR EIDE DR & B hLing I IS W A S DA 3
TGS 8 o AR S — A B E) A1) 5 AR R B T P R
RE H Sl O g HT P HEAT O

(2) NetRate " 53k 5 5 B S 808 LA
FH PR30 b FE 25 8 B B B) 7 10 1N 38 3o A A7 4
BEHIA 2 > P 18] 1 AL 4% 2. i1 T Jaccard Index
BN R S —Fh R AP (AR R A T ik Bk, 3R
1% H Jaccard Index 455 /E 5 NetRate 55 15 1
PR S R 3 RIS & 3L T pair-wise J7 %
SRS P [ 79 i )

(3) CT LIS #i %l (Continue Latent Influence
and Susceptibility). #5828 T B U AE 5 0
T3 Gy JEAE 3 AE A5 SR B i) 28 S 5 0 E U
A LA S, 43 0 BE B P w By s g AT o
8 2y T U P e BV P o AR R R IR N ¢, =
I+ S,. 3CHRL20 07 SCT R S8 R A —Fhifh 2
J5 vk 20 FH AT O A AR AR SO < CT LIS”
2 1 2 I RIS 1 T AR

(4) Sent LIS #i &Y (Sentimental Latent Influence
and Susceptibility). 48 3C % [ ZI A [] 5 B0 85 19
X8 P A R 7 A JE% b 5 e ) 8 38 FR By ek ek
FEAEAE 22 S Al ud » FH P A 155 A% 6 eht P il
e R 1 AR M D E L OF BB 1A A 1R
1 B0 T 2 20 Rl 1 IR R 3R 0 T P 23 A SRR AL

(5) Sent LIS(neg sample) #£ I (Sent LIS with
Negative Sample). JH 151 A 71 R FE 5B 2 X Sent LIS
BRI e 472 .
6.2 ZWEFZRIEMIEIR

T VPG AR SCER R A R R T AR
SIEIO AT 55 FURE I A PEAN H AR E AT SC 5

(1) PCD(Predicting Cascade Dynamics). i il
DU BNAS. F LB XA [F] A R Bl 5 T B Y
Z5¢ v TR0 R g T T RIURE AT A K A B I 2 AR
T R T2 AT 55 17 B0 HL o T 0P A L AR 45 5 1Y

IF 20 2, TUI P o S A5 WG Hovh ¢ I R Bk
o P LR b I 2L IR L 45 E RIR H SR
PRS2 ¢, T LA A BB S ey s b CH DR 1,2
A IR P R I 2 0, B SRS 1 A 3. bl T
T M A< HE 44 BREE A T P 8O T BE IO . PR
H MRR (Mean Reciprocal Rank) - #4 5] % HE 44 1"
PEA F8 b5 e T3 G b A4S 58 I 20 P g 1Y)
MR AT .

1 1
MRR = ——
|N|;

rank,
Hocrank, R SR AETES W 2 RAFT
LRI R T P TR R 1 B R AR R A A R
B A B HES s N A XF I 935 K /. MRR
TR X o7 P T R R 4T

BEAN ZAT 55 AT LI — 2 =00 43 25 n) L, 7 9 35k
P LSRG Y BT R BRI A
E) B 2 ¢ J5 ARG AR S ). 8 4 G A o
TE45 5E W) FLIEI 2 0, WU RN (e lt38CH. D)
T o TR BERE R f ey Fel38CH . D) i e 2
— AR N R PR 6E BT A ] R B R i A T
MK EINHEFE 5 A2 45 78 1 BB R 7T LA i AUCH
FEHR (ROC £ F 9 1 BD SR PEA . /i ROC £ 2
#r FPR(False Positive Rate) fl1 4\ A2 5 TPR (True
Positive Rate) i [ i 1 AR T3 A F -

b

g UIRER XA
b 24
E B E 5 250
TPR = .
TE .81 2

T2 T AR B — B AE (0. 5, 1) Z [a]. s & Uy
A 30— Xof TE A5 R A7 5] T A5 43 DR T 4 45 43 1) HE
A AUC B, 2 W I 1) B 8 9 ME 25 il A, Xt i
P RECR B G

(2) WBR(Who will Be Retweeted). #E¥ 2k
¥ . QR R P W R P i AR AT
S 2 X T B AT e 26 W Wl 5 R AT e L VIR LR
S5 PRI R R 2 Bl R AT RO 2 — b
HuIVAl P B 52 0 ) 7 0 AR AL S R 28 L R R
Wi T F9 F P BT 2 3R 9 IR 1A R Y R R e
K. A Cost )RR v 18 ¢, ZV R AT 0 A o
JI# S G F P Oy

argmax f(t, | t,s$(H,.)).

ust <1t
u v

N FATTHE B AT: 55 7 A 52 0 g #2419 )L
HA B HEZ P A AT RE e 4. A SR
58— K B (Aco) ™ il MRR A Sy 97 1500
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48 HR » MRR I Ace 80K 375 A 54T Y T 25 1
(3) CSP(Cascade Size Predicting). 21 A /N5
2 PP 438 I 2% vh P R 0 g 1Y) — A EE R 4
P ERBEHIREEENEA RS R h TS
TN (AT R AR SCRE TR T R A LS R P AN
S FH PN O N B A B X R A g B [ Bt oy — 2
HEAT 5145 5y R A A BB » 43 590 T 44> B 221
PRI F P B, R R P AP
2 W ¢ YL FH P w € P ) RN 2 ¢, A R Y
P e, =tp oy JUAE ¢, 8 ¢ BV B P o X TP
v YL R Ny
P(t, | tysd(He)) = F(t, |ty s$(Ho)).
M otp <<ty =ty AR ¢, 3 0 WA BN P u
XF I v R (4 5y
Pt |t $(H,. D)=
Fl, |ty s$(Hw)) —FC,— At 1, s$(H))
1—F(,—At|t, s$(Hp )
1238 BATVE U Top-k B P ]2 P (2, |
Loy $CHLD) BEATHIRE T E FH P o 2 5 R L. 9208
K248 %5 H 43 iR 22 (Mean Absolute Percentage
Error (MAPE) ) % S0 BE AT A 56, 7 F
S |M. —F,
MAPE — & T
Forpr s MO K ¢ KNI BLSEAE s FOR G ¢ RN

’

Cz*l

TR 5 C Sy X 2 10K 1 S 5. MAPE B8/ %
718 TR 235 R G
6.3 SLWWERSH

Xof B R AT BUAL BRS L FRATDRE A B SR AE R
FIEX PO B850 10 L FEREMES T
HEAT A5 28 SCHAIE I3 % AR L 3F H 48 A 04 °F- 24 18
bR Qi 22 . [ I o 2% 30 592 30 R 5 55 1L 1Y 1 B AN
PO AR 55 115 A 850t AR S E P A SR b
FENG B e M e D=8, X% FHFE L S, B8
MR sk . B —4ERE b oC ol it kAL £ () =V,
x~U(0,0. 1) KRB 15 5.
6.3.1 TEMNEs R

(1) PCD. B A SO A5 211 10 HIFMN 8457 14
(ELRIBRIE 22 (SD) 5 FEUE 7 ik A7 % b 45 3R a3k 2 Jir
7N NSE IG5 AT R0 A SO Y A AR AL < Sent LIS” FI
“Sent LIS(neg sample)”7E MRR 545 43 51 ik 3
0.0216 F1 0. 0265, LA p-value<<0. 01 B FHALFHIE
B A A D 38T I A SR R A P 5 I 40 R
EE] TR, A AE pair-wise B, NetRate il
iF P #E Jaccard Index 22 2] 2R S5 MRR A T
KT, 3 H“CT Jaccard” It “CT Bernoulli” % 5
U 5 SCHRL2 T iR 7E AL #2245 11 - Jaccard Index
BT Bernoulli K484 5875 — 2.

£ 2 10X XWIET PCD E %A F 15 MRRs 1 AUCs

CT Bernoulli CT Jaccard

NetRate (Jaccard)

CT LIS Sent LIS Sent LIS (neg sample)

MRR 0.0062+0.0029
AUC 0. 8739£0. 0658

0.0064=+0.0036
0.8621£0.0802

0.0071+0.0038
0.8718+0. 0730

0.0265+0. 0044
0.8983E0. 0156

0.0196+0. 0039
0.8793=£0. 0207

0.0216==0. 0033
0.8992+0. 0152

TE 28R F L “Sent LIS”#1“Sent LIS(neg
sample) ” ) AUC $5¥p 4 T H AR AL, 435 K 0. 8992
H10. 8983, Hij & 4 AU e Hh ML gs 2 I f B NetRate
1) AUC 7E 3 /> pair-wise 8 g R 4719, €] 5 7R
10 %38 LIEH Y — 41 ROC [l £ . it — 25 38 4F T 4%
R AR Sent LIS”, “Sent LIS(neg sample)”
PLKSCT LIS"fE AUC A 4F iR 8. 25 B or A
TE TIN5 5K 20 A ) HE 24 R0 4 28 A L L AR SR
(27 2 P g A SR A BB L pair-wise #5854 7 2%
fiff i FUL ) A DA R R AR Y ) & 2 Pk B BT SR
L.

(2) WBR. 3 BAT5R A 10 4552 B IR J7 K 3
BHEZ R 1B Ace FI MRR 487 i S 218 5 47 i 24
(SD). % 3 #4511 524 45 21, i A, “CT LIS”,
“Sent LIS” Fll “Sent LIS (neg sample)” 2% 818 F
pair-wise B A, X 2 H T pair-wise 158 X} F 2R GE WL

1.0 T = =
o ™ -
J— -
0.9 F T ("" .
Bt -
0.8 1 = ’ﬁ
L A

] 0.7 = j’
o &
£ OE arf
705 [
a " . ) i
g 0.4 CT Bernoulli
& CT Jaccard

0.3 |

. = == NetRate

02 FE  ainon LIS

01 === Sent LIS |

Sent LLIS(neg sample )
0 : :

0.2 0.4 0.6 0.8 1.0
False positive rate

E 5 PCD#F#ML 55 1 ROC fh 2k
W2 (AL 38 P X 2 530S 80 ) 1 ad 3 4 TR) .
5 NetRate #f [t , 3 Fh LIS #5750 75 T 0 3 45 25 1k 5%
KUMHES R 1) Ace #Ehr L BIRETF T 37.2%,
27.8% F132.4% , 1 7 MRR 48 #5 L 43 i $2 7+ T

[l
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£33 10ERXXWIET WBR 5/ Ace and MRRs
CT Bernoulli CT Jaccard NetRate (Jaccard) CT LIS Sent LIS Sent LIS (neg sample)
Acc 0.1221+0.0365 0. 3000£0. 0964 0.3005+0.0961 0.4123+0.0874 0.3840+0. 1255 0.3980+0. 1392
MRR 0.2592+0.0703 0.4349-+0.1275 0.4354+0.1273 0.4696+0.0876 0.4822+0. 1269 0.4920+0. 1348

7.9%,10. 7% 1 13. 0%. B 4h,“CT Jaccard”ZE B 4>
VEA 46 br b 45 RS & T “CT Bernoulli”, Ty H.
“NetRate(Jaccard Index)” & pair-wise 15 % A7 % 41
AR, &5 B dl g R A 7 58, ¥ Sent LIS(neg
sample) ”—J7 [ 0] DL B A B gl L S —
J5 T A5 H AR oK ) S A i R B O 1 Ak, T HL L AR
[t T“Sent LIS”HL AL, B2 7E Acc f1 MRR | FE B &
PERERIVESE SURTL NP S Sy RPN DR )

(3) CSP. 5 X 2 Bk 47 1% & ik B I
B hh ORI R T P 8 10, R=10, Top-k =5 i

ATRER A AL 3 10 45 28 SCEUE J5 ¥ % 4 4 i AR
HEAT 100 R HhAE R 1T MAPE 4845, 1 3% 4 s,
ZER LB “CT LIS”, “Sent LIS” #1“Sent LIS (neg
sample) ”fE MAPE 545 _E B B AL T pair-wise #5AY
B 3 Fp 5 e, 43 AR 0.6259,0. 6259 F1 0. 6362, 1M
H T L SRR B 2 R S i AR T RE S A R A
FEREHLME I 3 B0y, ;A5 pair-wise A “CT
Jaccard”%f [t , MAPE #8453 2/ F T 10.46%.
W 3% 5 g P B A 22 3R A SR RN 118 T
I 23 B R RSOR.

£ 4 10 E3%XXWIET CSP E %) F 15 MAPE

CT Bernoulli CT Jaccard NetRate (Jaccard)

CT LIS Sent LIS Sent LIS (neg sample)

MAPE 0.7199+0.0270  0.7105+£0. 0333 0.71092£0. 0350

0. 6259+0.0883 0.62590. 1458 0.6362+0. 2252

6.3.2 ALREH AR

AT U B AR SCHE B 1) “ Sent LIS(neg sample)”
BEAUF NetRate k22 ] G REH R I 22 7. B
J5 BEXE P RG e  RERE LA G EAE AR S S
MO IE LAS HE B b b 4 — 17 B2 )
v 5t 0 G Sk ) £ ) N R R A [ AF SRR PR Y
P w BVH P o 0746 3 32 9K 5 RO Al 5L 78 7 Xof
IO 17 % b 8 A2 R 3R I — A A B i G R A
A SCHR PR AY  YA AR NetRate 54k, IR 4811
T B A B ITAS AR PR SR ECR. TN 6 R L AR
PG AT LU H B TR Hh T AT DR A AR i Y
Z /0. [ 6(a) Fl (b) /R A UL R M NetRate 573%
T R SRR P A AR L W] DA L A T T R R
T R AR — 25 TR A K A% TR TE X Al
0.15 % 0.4 XA F, Yl F NetRate 53577 >
AR 22 2o 10055 1) 1 495 3 32, 3k 6 (BL0E Ry B AR /N Y
R T A AR SO i A SRR A T R
(18 A% 5 70 3 1T D45 Ay B 8 K L X o F R 53 4 L 7
5 X HiOPAT AR 4 08 LTS NetRate 539522 )
H PR 1R 1 48 TR RS AR A SO B T A B Y XA
AN, 6 (o) Fl(dD) W) Jaccard #EAY 5 [E 6 (e) F1 (D)
(1) Bernoulli #8581t 75 A (Rl 4518, R BT, A 3
BT T I RE A8 IX 73 5 0 g 1 5 SV A A HE VAN 45
R B S A
6.3.3  JH I RS W g R Sk 4 B

Br 7R LAY LE A AR A SR P o FE AN [

T8 IR 4E S R0 B LA S gk AT 1 43 Hr. 4E B
LANS B —47 03 30 378 FH P o FERH B A0 1 TRl 1
AR AN Gy B G L i S TR TSR )7
ORISR )7 TR TR S e R T g SR
T AR AT ) R L1 S BROkK A i A P AR A
JECE 1 B e ) A Gy S . SRS X 2R LT
B R 275 F P B AR AR i, BETHIE A B A B ot
BB B 7o L7 (b) 43 5 AE TE 1 1% S
T 8N TP s ) 5 5 P 1Y) = 4 45 5 At (]
AT LA M ki PR R AT B R L — i
(B B 1E THT S B N A T 2 SR T ) L1 JE K
AR ARl kS8 P R AR B BRI R )
17N 5 52 30 50 IR e 30 hy 76 I THT S 67 T 1 R
IR IR 52 W )17 (Original Influentials). 75 #h—
ANUEEAE TR S R K i A E 7, ] DL HY X gk
FHP B 530 %05 5200 3 1 [6) it AR 3% BR M 25 5 &
SN B IF B & 10 Ay A T T 67 T U B A R e
717 (Secondary Influentials). #A] 4%t , $0 A “ Ik
S 7 /) P AT BE G A e A WG] ) T ROk 1R
15 B 8 S BE RN 52 e g T 5 R B ) i
S ) T R R A W 5] 7 RS . B R AR Y
Wi 3 " AE AL A W 2 v — R DR VORI T UG R
J37— 8y ik Al N AR BT R T S R B 1] %
IO R P 20 AT T P R R e
71 Gy S AE A ) A5 I B A AR . BT (o)
B 7(d) A e B R 1 45 e 4t I — A F2 0



4 BEHESCAE SR P AT O AR B e ) L g IR 2 ) 965
1.0 0.85X10" 1.0, 0.85X 10’
0.9 0.9
0.8 0.68X 10" 0.8 0.68X10"
0.7 0.7

5 0.6 0.51%x10° L 0.6 0.51%x10°
S:f 05 S:E 05
ZU0.4 0.34x10 ZU0.4 0.34%X10"
0.3 0.3
0.2 0.17Xx10" 0.2 0.17X10’
0.1 0.1
% 0.1 0.2 0.3 0.4 05 % 0.1 0.2 0.3 0.4 05 0
Sent LIS(neg sample )& IE T 1E ) Sent LIS(neg sample )& Fi T 1E )
(a) IEMH I Ours v.s. NetRate [ 1£ %3 % (b) 1 & Our's v.s. NetRate &% i#E %
1.0 0.85X10" 1.0 0.85%10"
0.9 0.9
0.8 0.68X10" 0.8 0.68X10"
0.7 0.7
Eoﬁ 0.51%10" Eoﬁ 0.51x10"
§o5 §05
04 0.34X10" 04 0.34X10"
0.3 0.3
0.2 0.17%10" 0.2 0.17X10"
0.1 0.1
05 0.1 0.2 0.3 0.4 05 0 0 0.1 0.2 0.3 0.4 05 0
Sent LIS(neg sample )& IE I 1E ) Sent LIS(neg sample )& F 15
(o) IETEOurs v.s. Jaccard L IHE R (d) 5 &Ours v.s. Jaccard [ 4% 3 i3 R
1.0 0.85X10" 1.0 0.85X 10’
0.9 0.9
0.8 0.68X10" 0.8 0.68%X10"
0.7 0.7
=0.6 0.51%10" = 0.6 051107
205 205
2.4 0.34x10" =04 0.34%X10"
0.3 0.3
0.2 0.17X10" 0.2 0.17X 10’
0.1 0.1
0 0 0 0

0 0.1 0.2 0.3 0.4 0.5
Sent LIS(neg sample )& IE T 1E )

0 0.1 0.2 0.3 0.4 0.5
Sent LIS(neg sample )& Ht i1 18

(e) IETH1E KOurs v.s. Bernoulli AL 43

(D) S E K Ours v.s. Bernoulli [{) & 3% 3

Bl 6 fL % A< mg o) i

HI T 7 Cod Al LR A 78 1E 1 R E 1A R e g /Y
PP AL AL G A AR A 2 i 2R
P B RRABE ) F R A IE T 5 S 2 A 22 2R
K. TRV R U Y A — 040 Ee B 9 FH P A 0 o A Jee
Wk L 52 W T TP AR 2. i 7 (D A P B
by DA LA R A A58 o B — 26 1 P X S T 17 S
SR LTI HLA P e 0 0 o 1 SR R . e P T
AR AR A ] B R B — SRR 94T A

6.3.4 P IEERIE S P o0 A AR AB Y 56 R 4

TE LA S ) 45 v P P ) 3 R A A e 2 R T
1)L B ) — S EE R O I AR SORE I BRE
G DR R P I R BE 5 R e P P T BB JBE S G
A3 o3 M. — i &5 o e 25 JFH P 3% R SE 3R L 5 St
NAH B 5 BRAEBE 5 P 1) By SR AR G T 4
PP BRBE 278 82 Wi At B0 75 BRAR B 5 1 7 9 B2
Wi ARG DRI A SCoR A L1 Y50 42 A A8 A [
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(b) BHIFE ST v.s. SUIH 5 Ik

—_
)

BT 5 A (L1 B0
5 o

I
S

1.3
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(d) IETH 5 Bk v.s. SUHT 55 A

M7 R Iy L1 S RO AR 2 5 e L1 S oo #r

PR DR RPN N TR D E DR Y DN
ZIE I 2. G5 AR 8 B/ i i 22 & L &) e g ity 2%
FEOR AR P& BREE R F P 43 A 3k L1 {80 F
P 1% 25 4 0 i 5 7 48 0 8 B L B AR ME I 2. 7
Bl 8 Ca) Fi (b) vy 5% e T P 1 By I vk 3 0 7E T 7 1%
TR b PO R R R AR S B B A T
FEIE I R B o . L 8o (D JBAR T
P R PG EREE 5 IE RS IR Z M R AT LR
Mo T 22 T A S B LR G Y R . H 2 B R )
JIR I P B Al N % % 1 AT BRI K B B R 1

FH P 2l A F T R A
7 HRIE

AT T — £ 5 RN 3R 8 o A Uk
N R D D TN A B E B < 1

Y80 [ 73 531 2 7 A8 A [ AR P O A 47 114 R
Wi 3 RO s 4% 52 35 19 5y S A S 1% T7 T AN LA T A
ISR I T B2 it T 280 Dl A iyl
AL U BT T — B GORAE B R X 5T AT S0 B
T 114 G IR me AR R BE A7 SRR o 3250 1 A it v iR
TR R IE 975 S P A Y B G O HL AR Y 5
P SR RS 9 2 5% KAl 2. doe e » 5 36 ofE O A 0
PO AR SOBERUAE “ IR A B 2457 R 2 B A7 )
R /NI " S5 AT 55 b 2 B B i 1R .

B Ab A SO P15 G W g A gy A kAT
CIRErE RN w5 A DI e § AP ML NG S
FP . i 3 o A g B B SRR T SR AR
O e T B R T B SR A N FE K TR
S BUR AR A () 1 15 S UL L AT RE 3R B AN TR AT
O A AT P 3 R R S P A U Z 1A Y
AR BATL B BRI v B e 2 R R REA R
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Background

Online social network provides possibilities for information
sharing and propagation from peer to peer, resulting in
temporal sequences of happening times when users disseminate
messages. And the temporal sequences forms cascades
through the diffusion network, reflecting interpersonal
influences. In turn, interpersonal influences can be modeled
and analyzed from the observed temporal sequences of
cascades in history. Personal influence analysis as user profiling
is fundamental to influence maximization, social recommen-
dation and viral marketing. Moreover, sentiment propagation
is an important part of information diffusion on social network.
Users can not only express their sentiments by publishing
posts, but also communicate with each other in the community.
Thus, sentiment is also an important factor to depict user
influence.

Interpersonal influence is usually defined as propagation

probability between users. Most existing works intuitively

model the interpersonal influence in a pair-wise manner with
n* independent variables to learn, assuming that propagation
probability between different pairs of users is independent of
each other, even if there exists one common user among
different pairs. However, these methods require too many
parameters and may suffer from overfitting problem. Moreover,
there are seldom methods for estimating sentimental influence
between pairs of users. Thus this paper proposes to model
the interpersonal influence with two low-dimensional user-
specific matrices, capturing their influence and susceptibility
on different sentimental polarities respectively.
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