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1. Mining behavior networks with
social and spatiotemporal contexts

I.1. Behavior prediction and recommendation
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Behavior in Social Networks

JFacebook: Post, Like, Comment, Share

Update Status |Z]] Add Photos/Video E Create Photo Album 132 Like ) mm
< KE < Clil
What's on your mind? .
Like Comment Share

@ rwic~ | (20
JTwitter: Post, Reply, Retweet, Favorite

ﬁ L R & I

) Media Q Location 140

JYouTube: Upload, Subchrib/e, Dpwnloa, Share,

Upload Top 10 NBA Plays: October 18
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Behavior in Social Networks
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Social Recommender Systems

Microsoft Research @MSFTResearch - 3h Recommended
.@MSFTResearch Labs leader Jeannette Wing on why @Microsoft cares about

basic research blogs.technet.com/b/inside_micro...
L* I I YOGAFOR ‘ LOVE @ YOG4 [ELOW —
|
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Social Recommender Systems

JApril 20, 2011: Tencent Weibo visited Tsinghua University
JLow conversion rate (< 6%): #retweets per feed request
1Can we build a social recommender system?

IGiven Content similarity
User-item behavior network  User-user social network (topic level) [Blei et al.]

sender Q e
\0.7

. 0.9
receive,
/7

° / ﬂ receiver

JPredict which tweet/item a user will retweet.
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Traditional Recommender Systems

JAssumed that users are independent and identically
distributed (user-movie, user-book, efc.)

V1 V2 V3 V4
ul-----

Up

Us ? ? 4 4 1

U, ? ? ? ? 3
? ? 1 ? ?




DATA MINING GROUP ][

Traditional Recommender Systems

Content-based recommender (e.g., TF-IDF)
JFor textual information (e.g., news, documents)
Limitation: limited content analysis, over-specialization

Collaborative filtering based recommender
IMemory-based CF (e.g., PCC, similarity)
IModel-based CF (e.g., factorization based)

I Limitation: data sparsity, cold-start problem

JHybrid recommender system

Tang et al. Social Recommendation: A Review. Social Network Analysis and Mining,
2013. Springer. 8
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Matrix Factorization (MF) based CF

JLow-rank MF on the user-item rating matrix R
JUser preference vector U
IItem characteristic vector V

R U |74
41 V3 V4
. I e
" E—
Us ? ? 4 4 1
Uy ? ? ? ? 3
Us ? ? 1 ? ?

Koren. Factorizatoin Meets the Neighborhood: A Multifaceted Collaborative
Filtering Model. KDD, 2008. 9
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Matrix Factorization (MF) based CF

Low-rank MF on the user-item rating matrix R

JUser preference vector U

JItem characteristic vector V
JObserved weight matrix W

mm Z Z W,

R ..
\R’LJ

’I,].jl

~UiV;)* +a(|UllF + V)

avoid over-fitting,
controlled by the parameter

10

1
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Social Recommendation

Social relations

2 U3 4_

ul----

11

1
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Memeory based Social Recommender

JTidalTrust
rating
(user i, 1item m)
Etsirim/
_ies X
F, sm
[ .
rating / E St
SR

(user s, 1item m) , ,
trust from social relation

(user s, user i)

Golbeck. Personalizing applications through integration of inferred trust values in
semantic web-based social networks. Semantic Network Analysis Workshop,2005.
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Memeory based Social Recommender

JMoleTrust
rating average rating

average rating  (user u,itemi)  (user u)

(user a) \ Zk \ '_!

predicted rating
(user a, item i) trust from social relation

(user a, user u)

Massa et al. Trust-aware recommender systems. RecSys, 2007. 13

1
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Memeory based Social Recommender

JTrustWalker similarity measure
(item i, 1item j)
stm(i, ) /
ZleRIu sim(, 1)
Pearson correlation
of (item i, 1item j)

1 <

X corr(i, J)

P(Yu:=17)=

probability of /
user u#’s random walk
from item i to 1item j

sim(i,j) = T,

1+e 2

\common user set
of (item i, item j)

Jamali et al. TrustWalker: A Random Walk Model for Combining Trust-based and
Item-based Recommendation. KDD, 2009. 14
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Model based Social Recommender

JOptimization methods such as gradient based
methods can be applied to find a well-worked
optimal solution.

IMF has a nice probabilistic interpretation with
Gaussian noise.

MF is very flexible and allows us to include prior
knowledge.

Social Recommendation CF
= Basic CF + Social Information Model

Tang et al. Social Recommendation: A Review. Social Network Analysis and Mining,
2013. Springer. 15
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Model based Social Recommender

o O

v |U O,
ISoRec Ector vector

. / ~
1tem vector \Gp’/ user vector

R: user-item v v, vy v v (o USEr-user WU uy w, Us
rating matrix «/ESURENENENER social matrix . N0 NN
U, 4 4 5 ? ? u 0 0 1 1 0
15 [ R BT A R uz o 0o 0 0 O
Uy ? ? ? ? 3 Uy 1 0 1 0 0
ug 2?12 wg 0 1 1 1 0

Ma et al. Social Recommendation Using Probabilistic Matrix Factorization. CIKM, 2008.
Improving Recommender Systems by Incorporating Social Contextual Information. 71S, 2011.16
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Model based Social Recommender

JSoRec
IR

p(glUVaR =f[H (rulo(Uivi),o%)]

| A | Gaussian dlstrlbutlon
55 Logistic function Observed

) Y

p(C|U, Z,08) = ﬁﬁN[(Czkm(U Zy), ac)] ik

17
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Model based Social Recommender

JSoRec g /b fb
GK‘@ L

behavioral term =t =1

L(R(JUVZ)—\ social term
m m /
S BT V)RS Y S IS (im0 (UF 24))°

1=1 7=1 1=1 k=1

AU Av
F2Z 1% + ZEVIE + 22213 9)

™ regularization terms

18

1
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Model based Social Recommender

JSoRec
Gradient Descent Methods
ZIR (U Vi) (g(Ui'V;) — i)V
deviate of
Logistic Ac Z Iing' (Ui Z)(9(Ui' Zx) — cii) Zk + AuUs,
. j=1
function a7 m
v > L5g (U Vi) (g(Ui' Vi) — mi)Us + Av'Vj,
J i=1
oL

= Ao Y Iing (U Ze)(g(Ui' Zk) — ¢ix)Ui + Az Zk, (10)

=1

0Zy

19
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Model based Social Recommender

JSoRec

3 U, i=1,..., n k=1,....m
Us 4 4 1
u ? 3 O'R CTC
)

20
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Model based Social Recommender

Replacing social with trust
J“Social Trust”’ Ensemble for Epinion data

"”\/ N

N -
i : \\S/k, .
i i=1...., m ] i=1

F=l.... " N ]=l,.7 e, keT()
7 » =T

From user-item @ o
matrix

Oy,

. From trusted friends
Operation “plus”

Ma et al. Learning to Recommend with Social Trust Ensemble. SIGIR, 2009.
Learning to Recommend with Explicit and Implicit Social Relations. 7757, 2011. 21
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Model based Social Recommender

J¢“Social Trust” Ensemble

From user-item .
From trusted friends

matrix
L(R,S,U,V) \ /

1 m n

i=1 j=1 kET ()

AU Av
+2ZUIE + VI, (13)

22

I
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Model based Social Recommender

J¢“Social Trust” Ensemble

oL -

o =e 2 Lig @UIVi+(1—a) ) Sali Vi)V
¢ j=1 k€T (i)
x (g(aU] Vi + (1 — O‘)Z SikUsi V) — Rij)
. kET (4)
Gradient no . -
/
Descent —i—(l—a)z lejg (U, Vi+ (1 — ) Z SprUsk Vj)
pEB(3) j=1 keT (p)
Methods x (g(aU, Vs + (1 — @) "SprUy V;) — Ryp;)SpiVi+Au Ui,
keT (p)
oL < R 1 T T
7= kET (4)
x (g(aU] Vj + (1 — a)z SikUy, Vj) — Rij)
kET (4)
x(@Ui+(1—a) Y Suli)+AvVj, (14)
kET ()

23
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Model based Social Recommender

ISoReg

Average-based regularization:
Re gularize with the average of friends’ tastes

min £1(R, U, V) = ZZLJ ij — Ui Vi)’ \

'Llj]_

+ 230 s - et S ) X Oy
Zfej—“-l—(z Szm(z,f) ’

A1 A2
+ 2R + 2 VIR (8)

Information loss: Friends may have diverse tastes!!!

Ma et al. Recommender Systems with Social Regularization. WSDM, 2011. 24

I
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Model based Social Recommender

ISoReg

Individual-based regularization:
Regularize with friends individually

min £(R,U,V) = EZZ ~ Ui Vj)° \
52 S Sim(, f)|Us — Us3

=1 feFT ()
+ MUNE + X2lIV]E. (11)

(\)

T
N |

25
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Related Work
. |Benavior |Content |Social |Trust

Collaborative filtering (CF) [Herlocker et al. ¢/
TOIS; Koren KDD]

Content-based filtering with CF v v

[Balabanovic et al.; Liu et al. CIKM; ]

SoRec [Ma et al. CIKM, TIS] v V4

SoReg [Ma et al. WSDM |

Trust-based methods [Massa et al. RecSys; ¢/ v

Jamali et al. KDD; Ma et al. SIGIR, TIST]

1Q: What are the factors of users’ decisions on retweeting?
Can we observe them from the data? How to integrate the
information for accurate prediction?

26
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Observation: Social Contextual Factors

IWill Michelle Obama share this message?
JPlease list your reasons.

|,'a Barack Obama
1 Happy birthday, Michelle Obamal

Like - Comment - Share - January 18, 2013
TR T g [, T

I\

Jiang et al. Social Contextual Recommendation. CIKM, 2012.
Social Recommendation with Contextual Information. 7KDE, 2014. 27
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Observation: Social Contextual Factors

e
.
.
.
.

receive and retweet

adopted refused

09 T )] 1 T T T T T T T z
» Adopted o o Adopted ||
0.8+ - 0.9 i
+ Refused 5 * Refused
0.7 . i 0.8 |
o
QO osf 4 () 07 o
O - O o6t ©
C osf £ c
o * i, % Y Q o5} @+ +% *0% * @&, O o
S 04t * 0 O« o > * ¢
= o Fa . &= 04} %
c | o © Q@ (- | *F * * "
—_ 03 R * E — 043k * o) o 0
. g ¥ F % 0% @ ] S %O D O« -
0.2r * *ﬂ* o * **\ * ¥ é* e o
5 ) - @)
H ‘;ﬁbﬁ i ﬁ:K s * o+ *7T #* PRE . %kt o *
0.1 #ﬁ# *{e}**;‘;gi* * i %jﬁ* 5 %i***:v% *g* *
',%% K Rk gk, ) L e O *
ot ‘ i *&*** ;Y*‘.&)‘e * * * ,*iﬁ’e i O M« g %e* .
0 0.2 0.4 0.6 0.8 0.3 04 0.5 0.6 0.7 0.8
Preference Preference

China’s Facebook: Renren

China’s Twitter: Tencent Weibo

28
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Representation: From Contextual
Information to Contextual Factors

Content

Item-item similarity Item latent features V
. Personal preference
Behavior p .
on the given item
User-item interaction

User latent features U

Social

User-user social relation Item sender G Interpersonal influence

Interaction frequency from the item’s sender

User-user interaction User-user influence S

29
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Model: ContextMF

2222 ud.u..ﬁ

& |0.10.2)0.4f0.2].1 & 0-10.2J0.4]0.2.1
o |0.40.40.20.1p.1 « 0-20.4]02J0.1p.1
S i |odo2l0.1j0.1p.2 5 0.40201j0.1p.2| [/
& |020.1/0.1j0.2p.4 = 0=geee g o o0e B B & 0.20.1/0.1]0.20.4
@ [0.10.1/0.2j0.4p.2 & o.}o.alo.a 0.50.5 « 1.90.8[0.60.6)0.8 & 0.10.1j0.2o.4p.2
User-user influence 0.40.5/0.6/0.7p.3 0.80.6/0.6/0.8[1.0
. g & 08 o User latent feature
matrix ¢ [0.70.3)0.8)0.7b.3 ¢ 0.do.6l0.sl1.008 A
matrix
o |0.80.3]0.9/0.5p.5 « 0.60.8[1.0j0.80.6
/ @ |0.70.50.9/0.6p.4 @ 0.81.00.8/0.6)0.6 \
U T e User-item influence  User-item preference sutlestes
P BRI matrix matrix dje.403040.2h 1
G 20 1] o]1]0 < 0.4/0.1 o.2|0.40.2 v
2l o of 1] o]4 ¢ 0Z0.10.1j0.2p.a
2l [ 1] 170 <) o] w00 ) - - 0.402]0.1)0.1p.2
211 o] 1] 0] 1 & 20102 - 0.20.4]0.20.1)0.1
. olof2]1]o
Item sender matrix - e Y Item latent feature
& 2lol1]2]0 matrix
@ 1] ?[1]2]0 « receiver(user)
: sender(user)

Predicted user adoption o

matrix item

i latent distribution

30
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Model: ContextMF

behavior  influence  preference

v Vo
P(RIS,U,V,o%) = [[ [[NR;S:G,] U] V,,0%)

i=14j=1

behavior interaction frequency/trust
item content

JA|IR-SGToU'V|Z +a/|W-U"U|%
+B8]|IC — V' V||% ++]|S — F||%
+311SI1% + 7l[O11% + VIR N\

social relation

31
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Model: ContextMF

JGradient descent method

2 = 2(-RE@oVU)+(G 0UTV)G
+v(S — F) +4S)

o = 2(-VRT 4+ V(@GS 0V U) - 20UW
+22UU 'U + nU)

% — 2 (—UR +U(SG' 0 U'V)—-28VC

128VVTV + )\V)

32
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Experimental Results

Method MAE RMSE T p
Renren Dataset

Content-based [1] | 0.3842 | 0.4769 | 0.5409 | 0.5404
Item CF [25] 0.3601 | 0.4513 | 0.5896 | 0.5988
FeedbackTrust [22] | 0.3764 | 0.4684 | 0.5433 | 0.5469
Influence-based [9] | 0.3859 | 0.4686 | 0.5394 | 0.5446
SoRec [19 0.3276 | 0.4127 | 0.6168 | 0.6204
SoReg [20 0.2985 | 0.3537 | 0.7086 | 0.7140
Influence MF 0.3102 | 0.3771 | 0.6861 | 0.7006
Preference MF 0.3032 | 0.3762 | 0.6937 | 0.7036

Context MF

Tencent Weibo Dataset

0.2416

0.3086

Content-based [1] 0.2576 | 0.3643 | 0.7728 | 0.7777
Item CF [25] 0.2375 | 0.3372 | 0.7867 | 0.8049
FeedbackTrust [22] [ 0.2830 | 0.3887 | 0.7094 | 0.7115
Influence-based [9] | 0.2651 | 0.3813 | 0.7163 | 0.7275
SoRec [19] 0.2256 | 0.3325 | 0.7973 | 0.8064
SoReg [20 0.1997 | 0.2962 | 0.8390 | 0.8423
Influence MF 0.2183 | 0.3206 | 0.8179 | 0.8258
Preference MF 0.2111 | 0.3088 | 0.8384 | 0.8453

Context MF

0.1514

0.2348

vs. SoReg Tencent
[TIST’ 11] Weibo
MAE $19.1% 424.2%
RMSE V12.8%  120.7%
Kendall’s 19.82% 12.1%
Spearman’s T10.6%  13.1%
1Deployed in Weibo News

Feed. Improved conversion
rate from 5.78% to 8.27%

(relatively 43%).
J#citations = 149

33
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Observation: Spatial Context

With whom?

Who post?

A0y
) |
il
I\
I
e
i | e
i
‘ !
i
o |
[ FEEOED]
w o el
3 i@ o)l
. EEELSe) |
- /
a3

Happy birthday, Michelle Obamal

Jan. 18
Birthday party

@ White house

Jiang et al. Flexible Evolutionary Multi-faceted Analysis for Dynamic Behavioral
Pattern Discovery. KDD, 2014. 34
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Observation: Temporal Context

Happy birthday, Michelle Obamal

Jan. 18 March 17
Birthday party St. Patrick’s Day
@ White house @ Bar

35

1
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Representation: Tensor Sequence

1

- Tasks -----—- & time
| =
i . - &
Behavior ' Behavior Place
' modeling | ( \
Spatial info: E S | .
Multi-faceted | || remsorsequence
> | - J
. ] | :
Temporslinos || patiem | ————
. | discove | Decomposition
i 4 | & Completion
. Behavior | X /
. prediction i =~ | |X| |X

36
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Challenges: Sparsity and Complexity

JAddressing sparsity: Flexible regularization with
auxiliary data

JAddressing high complexity: Incremental updates
for projection matrix

Regularization: g
/ : — | =L
| Social context user item
. N W,
1me

R

user user
t; 6 t3

time

item

item |

37
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Model: FEMA
Flexible Evolutionary Multi-faceted Analysis

0t At O~(t+At)
+ —>
g X AX c
= g
user user
N
L -
matricizing update - §
- £35 A — core tensor
@ l user
2 X : cluster
: decompose  iger
> cluster |—
s X 2| AM
= 3
e R | 211 | projection matrx
| | ! |t|emt
IL I
@ Lo | & La | cluster
s = | reqularize i% A2 ||
. user item | 2

38
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Tensor Perturbation Theory

(X £ AXE)) (X L AX @) 4 (m)p,m))
(a™ 4 Aa™) = <\\<m> N A\“”) a(™ + Aal™)

0~t At O~(t+At)

X +mAX >

item

user \ u
L . L8
l matricizing update ‘£ ®
'@ 2| A L
=0 core tensor
[ | user
o X(1) luste
=) decompose  TTTgEr T
> lust
£ 2 &
ko) X@) ‘B AM
= =1
________________________ o=, [ projection matrix
I i tem
e i i luster
O I I
: M | g L@
> § 2 § ; regularize ARG
user item | oA = -

39
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Algorithm: FEMA

Bound Guarantee

Require: A%,
form=1....

Cor

AX, A™
.M do

P Y

|nz 1 )‘m)"” 1

7.('”) dO
puite A)\f";)

1singe
(=

and eomp

1t
Ullll,lul.b

.
AN = af™)

(X!

m)Ax(m)T

+ AX!

xn)x(m)T

(m)
)a;

(m)
A1‘+1.i

Compute Aal™”

and

(m)

t+1.i

a
end for
end for

yt_+_1 — (Xt + A‘X't) Huz 1

return At—+—1|7n 1> t_+_1|n) ]9yt'+'1

= A 4 A

using

/\(m

fz’

(m

a

-y

(m)
Aa;

)T

(x(l“)AX(n))T

-
(m) (m) (m
+ AX m X m )ai

J#1

) /\-(]m)

ompute

(m) (m
at + Aat

and A™) =

t+1

m)At+1 ’

= {at+1 1

core tensor

~—\

[AN™] < 2(

max

1
X (m) T (m) ) > |AX™ ]|

1
(/\I;(lr(lr);)Tx(m))E
Aafm)| S 2HAX(m) H2 Z |>\(7n) )\(m)|
I

projection matrix
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Results: FEMA > EMA > EA

Microsoft Academic Search Tencent Weibo mentions “@”’
MAE RMSE MAE RMSE
FEMAGG [ 0.735 0.944 0.894 1.312
EMA X 0.794 1.130 0.932 1.556
EA X 0.979 1.364 1.120 1.873
Precision Tlesarertea T ey
VS 3 P * 3 oo A\
5 o AN 5 %, .\
Recall 2o ®a \ 29 % Y
&’ %Q - ?\ &’ %‘%@%‘ .,
o~ |-&- EA 003 A o |-o EA So,
0.2 0.4 Rg:a” 0.8 1 0.2 0.4 R;]ga” 0.8 1

41
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Results: Efficiency

S0 Re-decomposition:
g i / Re-compute projection matrices
3 <
g+ Evolutionary analysis:
S & / Use AX to update A and a
o FEMA
100 325 550 775 1000
N=n"=n@=n®
Time vs Num. objects NV
Sl R FEMA Evolutionary analysis:
S R . / Use AX to update A and a
W /'
0 @
i FMA - .
= | . Re-decomposition:
& Re-compute projection matrices
1st (35%) 4th (50%) 7th (65%) 10th (80%)

t-th experiment (percent of training «_t)

The loss 1s small.

42
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Observation: Multiple Domains

L Osmar Zaiane
el °0 hrs - Twitter -

#DataScientists need ability to tell the story about #data and convey
#business value https://t.co/VNN2rXalLuV #BigData #datascience
#dataviz

Religious Views
Interests

Like ¥ Comment Share Favorite Music

'; 3 1 The Globe and Mail shared Globe Politics's video. Philip Bohannon shared a link ) .
o s Favorite Movies

Favorite TV Shows

Favorite Quotations

British Library offers over 1 million free vintage images
for download

Closed Group

Discussion Members Events Photos Files Search this group

Write Post Add Photo / Video ~ [E) Ask Question  [&) Add File MEMBERS 1,049 Members (4 new)

+ Add People to Group
Write something...

RECENT ACTIVITY | ‘

Invite by Email

Christian

Basketball, writing, spending time w/ kids

Miles Davis, John Coltrane, Bob Dylan, Stevie Wonder,
Johann Sebastian Bach (cello suites), and The Fugees

Casablanca, Godfather | & Il, Lawrence of Arabia and
One Flew Over the Cuckoo's Nest

Sportscenter

"The Arc of the moral universe is long, but it bends
towards justice." (MLK)

Jiang et al. Social Recommendation across Multiple Relational Domains. CIKM, 2012.
Social Recommendation with Cross-Domain Transferable Knowledge. TKDE, 2015. 43
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Representation: Star-Structured Graph
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Representation: Social Bridge

D .
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Bridge: Tie strength
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Algorithm: Hybrid Random Walk

JUpdating cross-domain links

+ + +
» 7 | <m>> -5 Z T(g)pajm Z pUP r,(];)
i o— ok up €U PLEP
BT =8 S O -0 3 ™ D
up €U PLEP
wnt _ @) <zm+ @t (T
ng =" Z Tik pk] Z Dik rk?]
up €U tr€T
i + + +
RE 4 PUPIT (1 +1) = SR PUP) " (1) + (1 — §)PUP T )R
- B B -
: PUP)" (1 +1) = SRU ()PUP " (1) + (1 — §)PUP) " (1)RP
2
(a) Route 1 (b) Route 2 PUDY (14 1) = RO HPUD (1) + (1 — nPUD T (HRT

JUpdating within-domain links

u P urP)t (wupr)* UP)~ (UP
v P = 7Py 37 PRI () P ey
prEP prEP
T umt uT)* u W),
o) R W LN DE L
o) CI] 6( _Baij t,€T up €U
\ RU(t+1) =
PR R () + (1 - PP (PP (1))
T
(a) Route 1 (b) Route 2 (c) Route 3 +rMPUDT)pUDT ()" 4 ;CORE HR® )" (13)
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Results

DATA MINING GROUP ][

| web posts Q/\/ \D,>j

D

s Ny e

social tags ® 'i /0\0/’/0\ &

Comparing w1th Random Walk with Restarts Models
,A,lg’:‘l'ltllln ” NAR ” Pracicinn l pnr\a” I F1 ” Kendall’a +
HRW || 0.227+1.5e-3 Il 0.711+1.3e-3 | 0.921+1.4e-3 | 0.802+1.1e-3 || 0.792+2.5¢e-3
BRW-Ry-P (IrustWalker) || 0.276%1.1e-3 0.657=7.6e-4 | 0.93519.8e-4 | 0.772+7.6e-4 0.774=1.6e-3
BRW-R; 0.28255.3¢-3 0.655=4.0e-3 0.921=1.2e-2 0.765=7.7¢-3 0.725+2.8¢-3
BRW-W-P 0.292=1.1e-3 0.666=7.0e-4 0.900£5.2¢e-4 0.765L6.6e-4 0.725%8.5e-4
BRW-W;, (ltemRank) 0.318=1.4e-3 0.671=1.5e-3 0.713=2.4e-3 0.601=1.2e-3 0.661E2.2e-3
BRW-P 0.438=2.6e-4 0.571=3.de-4 0.499+4.2¢e-4 0.532+3.2e-4 0.606L2.3e-4

Comparing with Social Recommendation Baselines

:-\]gnrithm !! - NMAER !! Precigion ! Recall | F1 || Kendall’s 7
HRW [ 0.227F1.5e-3 || 0.711F1.3e-3 | 0.921+1.4e-3 | 0.802F1.1e-3 || 0.792F2.5¢-3
BRW-Ry-P (IrustWalker) [10] || 0.276=1.1e-3 0.657E£7.6e-4 | 0.93519.8e-4 | 0.772%7.6e-4 0.774+1.6e-3
BRW-Wr (ItemRank) [ 0.318=1.4e-3 0.671£1.5e-3 | 0.713=2.4e-3 | 0.691%1.2e-3 0.661x£2.2e-3
MCF [5] 0.352+2.3e-4 0.592+1.8e-3 | 0.951%6.0e-4 | 0.730=1.3e-3 0.582+4.3e-4
CF [22] 0.506=3.4e-4 0.552+1.5e-3 | 0.589%7.2e-4 | 0.570=1.0e-3 0.540£5.2e-4
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Results: Insight

Knowledge transfer from auxiliary domains
improves cold-start users’ behavior prediction

JUsing aux. (label) data, saving 60-70% tgt. (post) data

0.4

1\\‘ ' ' ' ' +i:lRW
"N —e= T 35% user-post
- 0 user-label

0 user-post »
100% user-label 022

iy

< 60% user-post

/ O user-label

18% user-post o
100% user-label 024}

022

i

0.2
0

0.3 04 05 086

Density (%)

0.1
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Observation: Multiple Platforms

L LA | 2N |7 -

=
=3

Jiang et al. Little is Much: Bridging Cross-Platform Behaviors through Overlapped
Crowds. AAAI, 2016. 49
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Observation: Cross-Platform

Add Facebook Login to
Your App or Website

Facebook Login for Apps is a secure,

fast and convenient way for people
to log into your app or website.

[ os
ﬂ Android

Websites or mobile websites

n More platforms

DATA MINING GROUP

n Log in with Facebook

50
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Observation: Partially Overlapped Crowds

51
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Representation: When NO Transfer

Sina Weibo  Douban
Sina Weibo tags/entities movies/books

Weibo tweet entity to

Douban movie

Uusers
Y A
C

Douban B

RMSE MAP
Auxiliary platform data!
0.779 0.805
1.439 0.640

USCTS B

Sina Weibo

Douban book to

Weibo social tag
RMSE MAP

A 0.429 0.464
C 0.267 0.666
B Auxiliary platform data!

52



CS ILLINOIS DATA MINING GROUP

Algorithm: XPTrans

1‘5'4‘3‘5‘?

€8 Bl 380

§2028202E)E0
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Algorithm: XPTrans

JInput JObjective function
Tgt./Aux. platform P/Q;
JBehavior data R(P)/R(Q); Target platform Auxiliary platform
JObservation W(P)/W(Q); N\

2

JOverlapping indicator W(P,Q), 7 - ZW‘(P) <R(P)_ZUgP)V(P>
JOutput e I

2
JUser latent‘representatlon 4\ Z Wi(,?) ( RES-) _ Z Uf,?) Vr(,?)>
UP)/U(Q):; — 7,
IItem latent representation (P.Q)11/(P.Q) ( 4(P) @
Y Wi j Wi j Ai i _A'.‘
V(P)/V(Q); il’j;@’jg 1,71 2,72 ( 1,22 ]1,]2)
Missing values in R(P)

Overlapping user similarity
(Pair-wise regularization)
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Results: Leveraging Auxiliary Platform Data

NO Transfer

Weibo tweet entity to

Douban movie
RMSE

MAP

A Auxiliary platform data!
C 0.779 0.805
B 1.439 0.640

Douban book to

Weibo social tag

RMSE MAP
A 0.429 0.464
C 0.267 0.666
B Auxiliary platform data!

Transfer via the Same
Latent Space

Weibo tweet entity to

Douban movie
RMSE

MAP

0.757 0.811

1.164 (-19%)

0.702 (+9.7 %)

Douban book to
Weibo social tag

RMSE MAP

A 0.411 (-4.2%) 0.487 (+5.0%)
C 0.256 0.681
B
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Results: Leveraging Different Latent Spaces

Transfer via the Same
Latent Space

Weibo tweet entity to
Douban movie

C 0.757 0.811

B 1.164 0.702

Douban book to
Weibo social tag

A 0.411 0.487
C 0.256 0.681
B

Transfer via Different
Latent Spaces

Weibo tweet entity to

Douban movie
RMSE

MAP

C 0.715 0.821
0.722 (-38%) 0.820 (+17 %)

Douban book to
Weibo social tag

RMSE MAP
A 0374 (-11%) 0.533 (+12%)
C 0.236 0.705
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Results: Where Amazing Happens

Transfer via Different
NO Transfer Latent Spaces

User Weibo tweet entity to

User Weibo tweet entity to

set Douban movie set Douban movie

RMSE
A Auxiliary platform data!
B 1.439 0.640

User Douban book to
set Weibo social tag

User Douban book to
set Weibo social tag

RMSE MAP
A 0.429 0.464 A 0.374 0.533
C 0.267 0.666 C 0.236 0.705

B Auxiliary platform data! B
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Results: Different Sizes of Latent Spaces

20744 e

073y .
072!
0.714L

Target. Douban movie Auxiliary: Weibo entity

58

I



DATA MINING GROUP

Summary

Like, Reply, Share, Retweet, Favorite, Comment ...

JMemory based social recommenders
JTidalTrust, MoleTrust, TrustWalker

Model based social recommenders
JSoRec, “Social Trust” Ensemble, SoReg

1Observations, Representations, Models
1ContextMF: Social contexts (preference & influence)
JFEMA: Spatiotemporal contexts (multidimensional)
JHybridRW: Cross-domain behavior modeling
JXPTrans: Cross-platform behavior modeling

59
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Thank you!

Data-Driven Behavioral Analytics:
Observations, Representations and Models
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