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< Prediction for natural behavior

+Modeling individual behavior (MICRO)
+Modeling information cascade (MACRO)

<+ Detection for unnatural behavior
< Suspicious behavior detection



Questions for Modeling Individual Behavior

»*What is individual behavior in social networks?
+Why should we study individual behavior?

+What are the state-of-the-art models?
<+Modeling behaviors and social relations
<+Modeling social contexts
<+Modeling spatiotemporal contexts
<+Modeling multiple domains in social networks




.
Individual Behavior: Facebook

<+Post: What's on your mind?

n Update Status Add Photos/Video Create Photo Album

What's on your mind?
L

+Like, Comment, Share

132 Likes 20 Comments

s Like ¥ Comment » Share
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Individual Behavior: Twitter

<+ Tweet: What's happening?

) Media 9 Location 140 /£ Tweet

+Reply, Retweet, Favorite
T O B

5 7



Individual Behavior: YouTube

+Upload oiond A

+Subscribe, Download, Add to, Share, Like,
Dislike, Comment

— 4

EEEEEEEEEE

Top 10 NBA Plays: October 18

4 B

E‘ Subscribed 6,434,753 . 126,540

+ Add to < Share eee More |‘ 2,468 ,I 24




Individual Behavior: Pinterest

+Pin it, Like, Visit, Send, Share
€ Like 323 &Y Visit site -4 Send ) Share

\7

10 Recipes



“Information Adoption” in Social Networks
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Modeling Information Adoption Behavior

<+Behavioral pattern discovery
<+ Behavior prediction in social networks
+»Social recommendation




What is Social Recommendation?

Facebook

i Huan Liu shared a link

17 hrs

¥

Your Child Is Not Special

We have two choices of when our children can fail: now
or later. Now, they are still in a safe environment with
Feople willing to help them succeed. Later, it will be in
he context of the workplace or with their...

HUFFING |UNFUS |.GUM

Like Comment Share

2 people like this.

BB vt & comment

Huan Liu and Jiliang Tang like Southwest Airlines.

N Southwest Airlines
Sponsored -
Since some of the other airlines charge you to print your

boarding pass, "Find a guy." Or fly Southwest® where
#FeesDontFly.

Low fares. Nothing to hide. That's Transfarency.

Fee Hacker Tip #6

See more fee hacks

SOUTHWEST.COM Learn More
67k Views
24 Likes 2 Comments

Like Comment Share

Twitter

@ Microsoft Research @MSFTResearch - 3h
g .@MSFTResearch Labs leader Jeannette Wing on why @Microsoft cares about
basic research blogs.technet.com/b/inside_micro...

arch

Carnegie Mellon Retweeted

eed
ankin

.@Kelly_Evans goes behind the wheel of @CarmnegieMellon's autonomous car.
#TheSpark video.cnbc.com/gallery/?video...

4 5 View summary

Carnegie Mellon @CarnegieMellon - 4h

A team including CMU faculty is working to protect America's power grid from
cyber attacks. cmu.li/TA8VO




What is Social Recommendation?

YouTube

Recommended

AR BRI A S R A Yoga For Weight Loss - Hips & Yoga for Strength and Focus
by Yoga With Adriene
406,306 views * 1 year ago

HREAEFE - FERAE (... Hammies
by ChinaNews360 by Yoga With Adriene
715,377 views * 3 years ago 219,391 views + 3 months ago

YOGAFOR LOVE @ YOGA [FLOW
WELGHT ‘ s
L0S§

Yoga For Weight Loss | Yoga For Weight Loss - Love Yoga For Your Back - 30 Days
Strengthen and Lengthen Yoga Flow of Yoga - Day 4

by Yoga With Adriene by Yoga With Adriene by Yoga With Adriene

1,522,005 views « 1 year ago 161,772 views * 3 weeks ago 921,194 views + 9 months ago

Pinterest

Parmesan ¢

Her House Looked
Garlic Noodles  Normal From The

Outside, But When They One Pot Spicy Thai
= odies.

This hous takes.
memoradita 10 a whole z ; Qoo pot Spioy Tai
Tow laval, Dossn 1 ake Noodles - fhese are SO
Y0U back to the days of

£ada fountains an
dinking out of gass
Botes:

Slow Cooker Caramel

. Deep Dish Fudgy
Apple Grumble Expand Pin

Oatmeal Bars

Quick and Easy Green Crockpot Caramel Apple Ramesan Garlic Deep Dish Fud
o, G et TETES g
g G e, g il R
e S ) T
P :

Katny Novak Food'and Fancies
8ok and Fancies -
Katny Novak
Food and Fancies

Social Multimedia
Recommender Systems
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What is Social Recommendation?

<+“Social recommendation ..., however, it has no commonly
accepted definition.”

Tang et al. Social Recommendation: A Review. Social Network Analysis and Mining,

2013. Springer.



What is Social Recommendation?

<+“Social recommendation ..., however, it has no commonly
accepted definition.”

<+“A narrow definition of social recommendation is any
recommendation with online social relations as an
additional input, i.e., augmenting an existing
recommendation engine with additional social signals.”




What is Social Recommendation?

<+“Social recommendation ..., however, it has no commonly
accepted definition.”

<+“A narrow definition of social recommendation is any
recommendation with online social relations as an
additional input, i.e., augmenting an existing
recommendation engine with additional social signals.”

+“Users’ preferences are likely to be
similar to or influenced by their connected
friends. ..., social recommendation
leverages user correlations implied social
relations to improve the performance of % T s
recommendation.” IO




Traditional Recommender Systems

+Assumed that users are independent and
identically distributed

- : A v Vi Vy V3 Uy
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Traditional Recommender Systems

+Content-based recommender (e.g., TFIDF)
<+For textual information (e.g., news, documents)

< Limitation: limited content analysis, over-
specialization



Traditional Recommender Systems

+Content-based recommender (e.g., TFIDF)
<+For textual information (e.g., news, documents)

<Limitation: limited content analysis, over-
specialization

<+ Collaborative filtering based recommender
+Memory-based CF (e.g., PCC, similarity)
+Model-based CF (e.g., factorization based)
< Limitation: data sparsity, cold-start problem

+Hybrid recommender system



Matrix Factorization based CF (MF)

<+Low-rank MF on the user-item rating matrix R
+User preference vector U
<+|tem characteristic vector V

R U "4

« [
T 2

? 2?2 4 4 1
? 2?2 0?2 2?3
2 0?2 1?2




Matrix Factorization based CF (MF)

<+Low-rank MF on the user-item rating matrix R
+User preference vector U

<+|tem characteristic vector V

+0Observed weight matrix W

mmz Z W.i(R;; — UiV;r)2 +(|U|7 + I VI[F)

1=17=1

avoid over-fitting,
controlled by the parameter



Social Recommendation

Social relations R
ul----
_ U,
Us 0 0 0 0 0
u, * 0 1 0 0
u5 0 1 1 1 0

Tang et al. Social Recommendation: A Review. Social Network Analysis and Mining,

2013. Springer.



Memory based Social Recommender

< TidalTrust _
rating
Et . /(user I, item m)
o= ieS X\
ratin / Etﬂ'
J €S

user s, itemm . .
( ) trust from social relation

(user s, user i)



Memory based Social Recommender

<+MoleTrust |
rating average rating

average rating (user u, item /) (user u)

(user a) \ o \ j

u 1wau(ruz_ru

Pa,i — Ta

/ 2}/wa U
predicted rating
(user a, item /) trust from social relation

(user a, user u)



Memory based Social Recommender

s TrustWalker similarity measure
(item /, item )

, stm(i, 7)
PlY,; =9)= —
( / /) ZleRIU sim(1, 1)

Pearson correlation

of (item /, item ))
1 '

X corr(i, J)

probability of
user u's random walk
from item j to item

sim(i,j) = T,

1+e 2

\Common user set
of (item /, item ))



Model based Social Recommender

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

+MF 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



Model based Social Recommender

c o, o

~SoRec V factor vector
0‘0 ‘/
A ™
item vector | \@“ " user vector
j=1,...n f e \k=1 ..... m

R: user-item v, v, v v v CIUSEr-user . u, o wu, u
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Model based Social Recommender

+SoRec
QIUVO'R IHHM[(TZJIQ U V;), O'R)] ’
" =L
[ —— | Gaussian distribution
QLA 1P roution
L 1 Logistic function Observed

\ \

p(C|U, Z,a%) = ﬁﬁN[(CzHQ(U Z), Uc)] ik




Model based Social Recommender

+SoRec 'V ' !
W

behavioralterm = =t
L(R,C,U,V,Z) :\ SOC/IaI term
1 m n )\C m m *
522—75’(”3'—9([]7; Vi))*+ TZZIZ civ—9(Ui Z1))?
i=1 j=1 1=1 k=1
>\U )\V
+7||U||37+ 7||VII%+7IIZIIF, (9)

™~ regularization terms



Model based Social Recommender

+*SoRec
Gradient Descent Methods

= > _Lig (U Vi) (Ui Vs) = rig)Vy

oL
oU; :
. Jj=1
deviate of -
LOgiStiC + Ac Z Igﬁg,(U?Zk)(g(Ung) — Cix) Zk + AvUs,
71=1
function

aﬁ ZIR (U Vi) (g(Ui Vi) — i) Ui + AvVj,

oL

— c T * .
0Zr ACZIM (Ui Z)(9(Ui Zi) = cix)Ui + Az Z, (10)

=1




Model based Social Recommender

+»SoRec




Model based Social Recommender

<+ Replacing social with trust

+“Social Trust” Ensemble for Epinion data

O'T\/O'[;\

olR] e
@\1 QV

=1, . \l— 7] ]=l,.7 i=1....m keT()
7 p=T0)|

From user-item @

Z

: From trusted friends
matrix Operation “plus”



Model based Social Recommender

+“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)



Model based Social Recommender

»“Social Trust” Ensemble

oL =
0. —aZI?g’(aU Vit (1-a)Y SaULV;)V;

kET (i)

x (9(aUi Vi + (1 — )Y SuUyi Vi) — Rij)

keT (3)
(D;I’adlentt +(1—a) Z i I,ﬁg’(aU;ij +(1—-a) Z SprUs V5)
escen pEB(3) j=1 k€T (p)
5 (g(aUgV' +(1—0a) SpkUTV-) — Rp;)SpiVi+AuUs,
Methods ) ke;p) L TR
3_5 :Z g (Ul Vi+(1—a) Y SaULVy)
keT (1)

x (g(aUi Vi + (1 —a)) | SuUi V;) — Rij)
keT (2)

x(@Ui+(1—a) Y  SuUi)+AvVj, (14)
keT (4)



Model based Social Recommender
+SoReg

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

I(I]11‘£l£1 R U V ZZIW ] UZTV?)2 \

'Llj]_

L 235, s SimG ) x Uy g
Zfef’-l-(i) Sim(s, f) ’

A1 A2
+ 2T + 2V (8)

Information loss: Friends may have diverse tastes!!!



Model based Social Recommender

+SoReg

min L2(R,U, V)
U,v

Individual-based regularization:
Regularize with friends individually

%ZZ —UTv,y \




Social Recommenders Before 2012

—m
SoRec [CIKM’08, TIS'11]

“Social Trust” Ensemble \/ \
[SIGIR09, TIST'11]

SoReg [WSDM’11] \ \

\ l
I

Social Contextual Information




Social Contextual Information

“ lwitter social relation
= social
___interaction ll 7, QRlick > "
frequency = trust / \ ,
7 \
| retweeting/ RS \/
Additional rating = behavior
signals
—— jtem content




Behavioral Mechanism?




Information Adoption Behavior Intention

(0) follow

>

(2) receive & read

Barack Obama

Happy birthday, Michelle Obamal!
Like - Comment - Share - Januar y 18, 2013
| TR LY & =

P N

1 “\ ‘a‘



Information Adoption Behavior Intention

(0) follow

>

(2) receive & read

Barack Obama
Happy birthday, Michelle Obamal!
Like - Comment - Share - January 18, 2013
i A Ll ! % [ - - |
[ = 18 i

|




Information Adoption Behavior Intention

Birthday —
NOT politic issues!

(0) follow

>

(2) receive & read

Barack Obama
Happy birthday, Michelle Obamal!

Like - Comment - Share - January 18, 2013
. iF A ( 1 !‘l \V!"”‘I‘ 3 4 ’-’




Information Adoption Behavior Intention

From my husband -
NOT fans on Twitter!

Birthday —
NOT politic issues!

O
(0) follow

>

(2) receive & read

Barack Obama
Happy birthday, Michelle Obamal!

Like - Comment - Share - January 18, 2013
. iF A ( 1 !‘l \V!"”‘I‘ 3 4 ’-’




Social Contextual Factors

<+|Individual Preference & Interpe

rsonal Influence

0.9 . , 1 : : :
08l > Adopted | 0ol © Adopted ||
. + Refused . * Refused
0.7+ - 0.8f .
. O
Q@ osf ) 0.7F
O O st )
C o5t C
GJ q) 0.5F &k * * ESOE I :* *O O
> 04f - *
H_E q—E 041 * e:}o; * * (
L , * \ *
o2r oof e FEL & T o ¥
*, Gk b % * * ¥ o **19* *
01y 0.13 %ﬁ** £, %
% 0.2 0.4 0.6 0.8 1 ( 0.3 0.4 05 0.6 0.7 0.8
Preference Preference

China’s Facebook:
Renren

China’s Twitter:
Tencent Weibo



From Information to Factors

Content;

individual preference

Behavior: on the given item

user-item
interaction

Social:
social

relation

interpersonal influence
from the sender

Trust/interaction:

user-user

interaction



From Information to Factors

Content;

Behavior:

user-item

item latent feature V

interaction

Social:

social
relation

Trust/interaction:

user-user

interaction

user latent feature U

individual preference

on the given item

interpersonal influence
from the sender



From Information to Factors

Content;

Behavior:

user-item

item latent feature V

interaction

Social:
social

user latent feature U

relation

Trust/interaction:

item sender G

user-user
interaction

user-user influence S

individual preference
on the given item

interpersonal influence
from the sender




Social Contextual Recommendation

% ContextMF

23383 satlas.il

@ [0.1/0.2]0.4/0.2)p.1 & 0-102]0.4/0.2]p.1]

& [0.20.4/0.20.10.1 & 020.40.2j0.1p.1

S ¢ [040.2j0.1j0.1p2 : 04o2o1jo.1p.2
@ |07401/0.1/0.2p.4 o e ] e R & 020.1]0.1jo.2p.4

@ |0.1/0.1/020.4p.2] o |0.40.4oso.sh.s o 1.0.80.6jo.ch.s / « 010.1/02j0.4p.2

User-user influence o 0405/0.600.7p.3 o 0.d0.6/06l0.8/1.0 User latent feature
matrix ¢ l0.70.3)0.8)0.7p.3 ¢ 0.do.slosl.0ps et
o 0.d0.3j09)5p5 o 0.dosl1.0j0.8p6 T
@ |070.5/0.9/0.6p.4 « 0.41.00.8j06p.6 \
U';JL:J"; L:J L:J User-item‘ililﬂuence User-item :)l;eference ijmm
G ol 1/ 0/1]0 ol i 1 040.4)02j0.4p.2 Vv

HEDRERDE ¢ 020./0.1)0.2p.a

i 1] 1] 1]1]0 \, B3 000 ) / ~04o2olo1b.2

1] o] 1] 0] 1 & ?[of1]o]? 1 0.40.40.2]0.1p.1

Item sender matrix :‘ : : : : : Item latent feature
" = P matrix
ol 1] 2/ 1]2]o « receiver(user)
Predicted user adoption EJ :tee':l‘:e"(“s")
i Ul latent distribution

R
Jiang et al. Social Contextual Recommendation. C/IKM, 2012. Social

Recommendation with Contextual Information. TKDE, 2014.



Social Contextual Recommendation

»ContextMF behavior influence preference

M g;\\\\. l ‘/////,
P(RJ|S,U,V,o%) = H HN(Rij|SiGjT@U;;er702R)

i=14j=1

behavior interaction frequency/trust
item content

JAIIR-SGT o UV|Z +o/|W-U"U|%
+B8|IC — V' V||7 +1||S — F||%
81117+ nl[ U1 + MIVI[E N\

social relation




Social Contextual Recommendation

s ContextMF

Gradient
Descent
Methods

07
0S

07
ou

N/

oV

2 (—R(G OVTU)+(SGT o UTV)G
+v(S — F) 4 46S)
2 (—VRT +V(GST @ VTU) — 24UW

+20UUT U + nU)
2 (—UR +USGT o UTV) - 28VC

+28VVTV + )\V)



Social Contextual Recommendation

Method | MAE | RMSE | T | p
0:9 CO n teXtM F 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

Renren Tencent SoRec [19 0.3276 | 0.4127 | 0.6168 | 0.6204
Weibo QaReo 0N N90R% | N 2”7 | N7ORA | N 714N
Influence MF 0.3102 | 0.3771 | 0.6861 | 0.7006
MAE -19.1% -24 .2% Preference MF 0.3032 | 0.3762 | 0.6937 | 0.7036
o o Context MF 0.2416 | 0.3086 | 0.7782 | 0.7896
RMSE -12.8% -20.7% Tencent Weibo Dataset
d 0 0 Content-based [1] | 0.2576 | 0.3643 | 0.7728 | 0.7777
Kendall's +9.82% +2.1% Item CF [25] 0.2375 | 0.3372 | 0.7867 | 0.8049
Spearman’s +10.6% +3.1% 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

dnaRa~ IN] N 1007 N 20R9 N KRN n KA

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 | 0.8570 | 0.8685




Co-Predicting Behavior and Social Relations

+LOCABAL

. soclal relation
behavior

/

J = IIR OR-U'V)[i+a|Te(S - U HU)|}
+/\&<J%+ IVIE + IIH[ ) (10)

Observed behavioral data
Observed social relation data



Co-Predicting Behavior and Social Relations

+LOCABAL
6j T T T
5 =2(-VIWoWOR) + V(WO W o (UTV))
| ~oH'U(TOS)-aHU(T®S)" + AU
Gradient +oH U(T ® (UTHU)) + cHU(T © (UTHU))T),
Descent 4 7

Methods oy = 2(-U(WOWOR)
+UWOWo(U'V))+AV),

9T _ o

Y . T
— AU(T © S)U

+aU(T e (UTHU))U' + AH) (11)



Co-Predicting Behavior and Social Relations

+LOCABAL

Datasets | Training Set | Metrics MF SORéAcxlgogl(t)lll{n;; TOCABAL

50% MAE | 0.9927 | 0.9619 | 0.9552 0.9356

RMSE | 1.1742 | 1.1375 | 1.1291 1.1088

Ciao 70% MAE | 0.9715 | 0.9446 | 0.9328 0.9234

RMSE | 1.1478 | 1.1140 | 1.1097 1.0861

90% MAE | 09614 | 0.9433 | 0.9232 0.9076

RMSE | 1.1384 | 1.1028 | 1.0999 1.0758

50% MAE | 0.9935 | 0.9574 | 0.9383 0.9237

RMSE | 1.1922 | 1.1581 | 1.1479 1.1276

Epinions 70% MAE | 0.9701 | 0.9480 | 0.9296 0.9088

RMSE | 1.1833 | 1.1482 | 1.1277 1.1079

90% MAE | 0.9687 | 0.9397 | 0.9188 0.8981

RMSE | 1.1791 | 1.1387 | 1.1170 1.1000




Negative Experiences in Social Recommender

<+Data sparsity problem: sparse matrix.

<+ Social relation are too noisy and may have a
negative impact on recommender systems.

|t is difficult for social recommenders to improve
recommendation performance for cold-start users.

<+Different types of social relations have different
effects on social recommender systems.



Negative Experiences in Social Recommender

<+Data sparsity problem: sparse matrix.

<+ Social relation are too noisy and may have a
negative impact on recommender systems.

|t is difficult for social recommenders to improve
recommendation performance for cold-start users.

<+Different types of social relations have different
effects on social recommender systems.

Future work?
Data integration and causal analysis



Besides Social Context: Spatial Context

Device

s o X
= = Serrmmntiad
i VRN OF N I
B - 1 = n
~HlE===
wEeT
BTG
TR
1 )

Happy birthday, Michelle Obamal

P

With whom?

Who post?



Besides Social Context: Temporal Context

Happy birthday, Michelle Obamal

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



Modeling Spatiotemporal Contexts

~ X X

- Tasks - —& time
| | 2 &

. | . | = &
Behavior - Behavior Place
Spatial info: ]_ . modeling | ( Tensor )
Multi-faceted i i sequence

| EAN y
Temporal info: | |
‘[ Dpnamic ]— | Pattern L ( — )
Y | discovery | Decomposition
i L1 & Completion
. Behavior | > ¥

prediction

e o o o — — — — — — — — — — — —



Challenges: Sparsity and Complexity

<+Addressing sparsity: Flexible regularization with

auxiliary data
<+Addressing high complexity: Incremental updates

for projection matrix

|

V% Reg.ularization: j .
Social context user\

time
f t3
t, ]
time
: /'t :
1 user

user
ty to t3

item

N item

ﬂenﬂ




Flexible Evolutionary Multi-faceted
Analysis (FEMA)

O~(t+At)
+ —>
g X AX c
= g
user \ user
. s . :"“—GCJ ————————
i matricizing update - §
23 AP | — core tensor
@ : user
2 X : cluster
= decompose renaa
> cluster |4
s X 2| Am
= 3
_____________________ ---+———=—L" L projection matrix
| ! |t|emt
2 | cluster
21 L | g L@ |
: = ﬁ ' S| A@
user item | regularize o 3




N N
Tensor Perturbation Theory

=

[(X(m) —|—AX(m))(X(m) —I—AX(m)) —l—,u(m)L(m)]

(@™ + Aaf™) = \™ A\S—m’)(a§“‘) + Aa;™)
\

O~(t+At)

item
i

user u
‘ matricizing d t %
update Z
© —jcore tensor
[ user
? XM | cluster
=) decompose :-‘-‘-‘-'-‘l-,‘gg-r ‘‘‘‘‘‘‘‘
—> cluster
£ 2 '©
o X@) v | AM
= =]
........................ - =" L projection matrix
| | | item

Jiang et al. Flexible Evolutionary Multi-faceted Analysis for Dynamic Behavioral
Pattern Discovery. KDD, 2014.




FEMA Algorithm

Approximation Bound Guarantee
Require: Xt, AXt Ai |m 1s /\ |m 1
form = 1..... M do core tensor

fori=1...., (m) do /\
Comnute /\)‘ 1Sing
T T.1 = 1
m : 1
A/\fm) :a:m)—r(x(m)AX(m)T+AX(m)X1m)T)a§m) ’AA( )‘ < Q(Anl?:l)T (m) ) D) HAX(m) H2
and eomptite
(m) m) m
)\T+1I_>\ +A)‘f}’
Compute Aaf . using 1
max 3
agm)T(x( _AX( J—AX("])X("])T)RS"” (Ax(m)Tx(m))
A (m) _ J i (m) (m) (m)
a; JZ#:, /\im) - /\3171) aJ Aai | S 2||AX ||2 ‘)\(nl) )\(nl)|
and ‘compute JF#1 ? J
(m) ___(m) (m) | (m) __ (m) o,
acy;=ag; +Aag; and Ay = {ag )
end for

projection matrix

end for
yt—+—1 - (Xt + AXt)Hm 1 X(m)Air_{r_ll)T;

(m (m
return At+1|m 1 /\t+1|m—l’yt+1




Individual Behavior Prediction with FEMA

Microsoft Academic Search

Tencent Weibo mentions “‘@”

MAE RMSE MAE RMSE
FEMA ~ 0.735 0.944 0.894 1.312
EMA » 0.794 1.130 0.932 1.556
EA [ 0.979 1.364 1.120 1.873
Precision BEE= e | EEEEI T
VS i o @QM ‘\\‘ c p %%%Q ‘\\t**
Recall 29 ﬁxaa% % 2 % A\‘;\
o “4 < o )
o <l . 'S «4 o < | a. ® ‘;
e T e ey
0.2 0.4 R::a” 0.8 1 0.2 0.4 Ré]é‘)a” 0.8 1




Individual Behavior Prediction with FEMA

Run time (second)

RMSE

0.738 148 221

2E+4 4E+4 TE+4 OE+4

0

295

0

Re-decomposition:
/ Re-compute projection matrices
FMA
Evolutionary analysis:
/ Use AX to update A and a
FEMA
100 325 580 775 1000
N=nN=n®@=n@
Time vs Num. objects NV
N FEMA Evolutionary analysis:
t‘itg/ Use AX to update A and a
FMA - N 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.



Behavioral Pattern: Fan@Idol#Word

Nov. 2011

@aqqothersports

@liuxianghouyuanhui ~ @liuxiang

@shidongpenq@
@fengyun413919

@liguoxiong0929 ongbo
Olympics memory iuzhou\city
O ShanghaiO Pong Rohg
O fan
Oliver O }6\‘__. O O trainin

O éhampion O

O o Qt%::i exercige
110-metre nati am chief judge




Behavioral Pattern: Fan@Idol#Word

Dec. 2011

@qqothersports

@liuxianghouyuanhui ~ @liuxiang @xiexingfang - @wangyihan
@shidongpeng
@fengyun413919 _
@liguoxiong0929 rraweiles—@Hyongbo
memory happiness marriage ity
O Shanghali O O IoveO O
Ohealth fans () am%v ary I-égr:?ai}? gg
Odlseaseoo /gr_s\\ i
O ercise

110-metre have a rest pational team



Demo 1: Fan@Ildo#Word

<+http://www.meng-jiang.com/demos/fema/weibo/




Demo 2: Author@Affiliation#Keyword

+http://www.meng-jiang.com/demos/fema/mas/




Demo 3: Author@Affiliation$Paper&Venue#Keyword

+http://www.meng-jiang.com/demos/hindblp/
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Modeling social contexts,

spatio-temporal contexts: Amazing!
...nowever...




Modeling social contexts,
spatio-temporal contexts: Amazing!
...however...

In one domain. ..



Besides Contexts: Multiple Domains
<+ Post

Osmar Zaiane
20 hrs - Twitter - Ja

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

s Like ¥ Comment »» Share

Jiang et al. Social Recommendation across Multiple Relational Domains. C/IKM, 2012. Social

Recommendation with Cross-Domain Transferable Knowledge. TKDE, 2015.



Besides Contexts: Multiple Domains

- S5hrs- @

< Im age m Philip Bohannon shared a link.

British Library offers over 1 million free vintage images
for download



Besides Contexts: Multiple Domains

<Video

'}}Fm; The Globe and Mail shared Globe Politics's video.
ND

19 hrs -

Watch highlights from Stephen Harper's concession speech




Besides Contexts: Multiple Domains

s Social label

Religious Views Christian
nterests Basketball, writing, spending time w/ kids

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

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

avorite TV Shows Sportscenter

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



Besides Contexts: Multiple Domains

+Group

\

O# - -
Joined ¥ A Share | + Notifications | eee
Closed Group -

Discussion Members Events Photos Files Search this group

Write Post Add Photo/Video  [E3] Ask Question [ Add File MEMBERS 1,049 Members (4 new)

+ Add People to Group
Write something...

gﬂ .%! SE -
RECENT ACTIVITY [ \ S i 43>

Invite by Email




Besides Contexts: Multiple Domains

e 8 @

N
7/
— "\

\\ 4 7

~ ™N ~ ,’ s

S <
= -,
-
\\ N \ I - >

videos

-

Jiang et al. Social Recommendation across Multiple Relational Domains. C/IKM, 2012. Social

Recommendation with Cross-Domain Transferable Knowledge. TKDE, 2015.



Traditional Cross-Domain CF
wCodebook Transfer (CBT)
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Traditional Cross-Domain CF

m X [
«+Codebook Transfer (CBT) n X k

N\
min HXaum —yUsv' Hi,

m books Y=0,V=20,520
e S.t. UTU — I’ VTV _ I,
O
= Codebook = User Group X Item Group
<

k X |

B=[U! X,:Vauz] @[U} 11"V,,.]

aux aux

XCL’U,QZ



Traditional Cross-Domain CF

+Codebook Transfer (CBT)
Codebook: k X |

g movies qg X |
o p X k /
; . .
3 e Do w:

VtgtE{Oal}le
tht S.t. Utgt]- — ]_, Vtgt]- — ]_,



Traditional Cross-Domain CF

+Codebook Transfer (CBT)

Table 1: MAE on MovieLens (average over 10 splits)

Training Set | Method | GivenS GivenlO0 Givenl5
PCC 0.930 0.883 0.873
CBS 0.874 0.845 0.839
ML100 WI R 0915 0 R75 0.R9AN
CBT 0.840 0.802 0.786
PCC 0.905 0.878 0.878
CBS 0.871 0.833 0.828
ML200 WIT R 0 941 0 9N ) KRR
CBT 0.839 0.800 0.784
PCC 0.897 0.882 0.885
CBS 0.870 0.834 0.819
ML300 WI.R 1.018 0.962 0.938
CBT 0.840 0.801 0.785




Traditional Cross-Domain CF

+Coordinate System Transfer (CST)

i

oL g movies m movies

n users
p users

auxiliary data target data



Traditional Cross-Domain CF

+Coordinate System Transfer (CST)

Auxiliary data:
min Y@ o (RO — U(i)B(z’)V(i)T)”%

S[ORVION :10!
Target data:
min ||[Y ® (R — UBV?)]
U,.V.B
Pu 2 Pu 2
+7HU — Up|| 7|+ 7HV — Vol|®

s.t. Ulu=1viv=I1l



Traditional Cross-Domain CF




.
Traditional Cross-Domain CF

+FUSE

A A

Ay = AZuster i US) xo USZ) x5 US)

V

— min A— Af Iz
f ~ (1) “[,\](3)” gt”F

tgt - tgt

AL ([T (DD - FO) T))

gt

Chen et al. Making Recommendation from Multiple Domains. KDD, 2013.




Traditional Cross-Domain CF

+FUSE

~(1 r)r+r(1
[Ut(ggs(l)sa)]*r + AD( )[Ut(gi?]*r

rr(1 (1
[Ut(gi?]*"“ A [Ut(gi?]*”‘ ®

Gradient AnST
“ - 2
Descent Uiy} « U} ® f](z)( ; (25)T
Method's tat 727 2)
A ST
-~ (3) ~ (3 (3) (3)
Upggt < Ut(gi? ® — (3) -
Utg'l: S(3) S(3)



When Social Recommendation Meets
Multiple Domains

. Utgt Uaux1
AT s 8
D\\D ‘ R tgt R auxt

web posts " o ~ ,f::"’/,// videos
\\\ \\\\ &0 ,”’p
\\{:, \\\\ Z ,,’/ S0
ol = S0) \‘\\\ l } aux3 Uaux2
< ©
FER label,s - PR mtéreStgroups
e users s
oK GG
~¥ N Raux3 Raux2
¢ &

Bridge: User X Cluster



When Social Recommendation Meets
Multiple Domains

" /D\\ Social g g
S Br/dge

’/
-
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When Social Recommendation Meets
Multiple Domains

B
N p—
D‘\\ Rigt Raux1
"'/0/ 2 N @)
e \ COUD
\\0 \@/ Raux3 RauxZ

Bridge: User X User



90
Hybrid Random Walk

<+ Starting with a Second-Order Start-
Structured Graph

Jiang et al. Social Recommendation across Multiple Relational Domains. C/IKM, 2012. Social
Recommendation with Cross-Domain Transferable Knowledge. TKDE, 2015.




Hybrid Random Walk

<+ Updating cross-domain links

+ +
PP =53 rfzop,(;m) 5) 3 pUP (P
up €U pPLEP
i i k _
o o0 pE?P) -5 Z T.Z(i()pg;”’) 5) Z p(U'P) 7.](:;)
! up €U PLEP
+ +
P =0 3 0T 4 (=) 3 T D
up €U t€T
i + + +
ko _ o) PUP T (¢t +1) = SRWHPUP (1) + (1 - 9)PUP T ()RP
~0; _ _ _
: PUP (1 4+ 1) = RO )PUP (1) + (1 - 5)PUP ()R
2
(a) Route 1 (b) Route 2 PUDT (1t +1) = RO )P (1) + (1 — )PHUD T (H)RD

<+ Updating within-domain links

(u) P upr)t (WD)+ uP)~ (uP)
" TR VPR WY v D)
prEP pLEP

T unt wunt u u) U
()Zp( )pgk ) Jr7.()2 (k)rl(w)

1= oj - Cl] ' 1|3<__Di tL €T up €U
| R®W(t+1) =
T _ _ T
v P WPUP T PUP T () 4 (1 - pPUP T )PP (1) )

T
(a) Route 1 (b) Route 2 (c) Route 3 +rMPUTT(HPUDT (1) 4 7 ORMHR@ (1)



Hybrid Random Walk
<+ High-Order Star-Structured Graph

PUD)T (4 4 1)
PUP) ™ (4 4 1)

RO (¢ + 1)
e s »
SN oy

. .
N o \\ ,,’ o p ‘ \'idc()s
web posts - e - »
N, ~,
N ~,

e \\ \\\
. " intgrest.groups
-== / users \ X

0 ’/0\‘ '/ \@\ \ \@

5;RWPUDP)T (1) £ (1 — 6,)PUP)T (1)R(D:)
S RU OPUP) ™ (1) + (1 — 6;)PUP) ™ (1)R(Pi)

> TiMiP(uDi)+(t)P(UDi)JF(t)T
D;eD
— — T
+ Y (- p)PUPO T (PUPO ()
D;eD

+rWORW HR®) ()" (20)
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| o 8 [
Hybrid Random Walk 7 N

fI
users | & o

;
1
1
!
[ : -
i \/, " \® [~ &
- [~} . n
i " \ S 5 A
. H) 1 s, ; T
i i \ bhewsy vf 3
! ) \ - s iy
H R \ N il 1
AR G
! 0 \ J A
\ / y | }
\

social tags N

Comparing with Random Walk with Restarts Models

Alaarithan Il NTAR Il Dranician | Ranall | 1 I Kandall’le &

1 HRW [ 0.227+1.5e-3 I 0.711+1.3e-3 [ 0.921+1.4e-3 [ 0.802+1.1e-3 [l 0.792+2.5¢-3
BRW-R;-P (TrustWalker) 0.276x1.1e-3 0.657L£7.6e-4 | 0.935+9.8e-4 | 0.772LX7.6e-4 0.774%1.6e-3
BRW-R;; 0.282+5.3e-3 0.655%4.0e-3 0.921£1.2e-2 0.765+£7.7e-3 0.725£2.8e-3
BRW-W¢;-P 0.292+1.1e-3 0.666+7.0e-4 0.900£5.2e-4 0.765%6.6e-4 0.725+8.5e-4
BRW-W¢ ([temRank) 0.318%1.4e-3 0.671£1.5e-3 0.713£2.4e-3 0.691£1.2e-3 0.6611£2.2e-3
BRW-P 0.438+2.6e-4 0.571+3.4e-4 0.499+4.2e-4 0.532+3.2e-4 0.606+2.3e-4

Comparing with Social Recommendation Baselines

Aloarithm

11 NTAR

Il Pracicinn

| Rearall

| F1

1l

Kendall’e &

oRW

T0227F1.56-3 I] 0.711F1.36-3 | 0.921£1.4e-3 | 0.802F1.1e-3 || 0.792L2.56-3

" BRW-Ryp-P (TrustWalker) [10] 0.276x1.1e-3 0.657=7.6e-4 0.9351-9.8e-4 0.772=7.6e-4 0.774%1.6e-3
BRW-Wp; (ItemRank) 8] 0.318x1.4e-3 0.671x1.5e-3 0.713x2.4e-3 0.691=x1.2e-3 0.661x2.2e-3
MCF [3] 0.352x2.3e-4 0.59211.8e-3 0.951x6.0e-4 0.730x1.3e-3 0.582x4.3e-4
CF [22] 0.506=x3.4e-4 0.552x1.5e-3 0.589x7.2e-4 0.570=x1.0e-3 0.540x5.2e-4




Hybrid Random Walk

+Knowledge transfer from auxiliary domains
Improves cold-start users’ behavior prediction
<+Using aux. (label) data, saving 60-70% tgt. (post) data

O user-post
100% user-label

18% user-post
100% user-label

04

0.38

0.36

0.34

%

E 0.28

0.26 |

T
1\
'."-

—0— HRW
e BRW-R -P

0241
022

0.2
0

_D

0.1 0 3 04 0.5

DenSIty (%)

086

35% user-post

~ 0 user-label

60% user-post

/ O user-label



Besides Cross-Domain...

<+How about Cross-Platform?
<+Partially aligned/overlapped users!

Little is Much: Bridging Cross-Platform

Behaviors through Overlapped Crowds
by M. Jiang, P. Cui, N. J. Yuan, X. Xie, S. Yang. AAAI
Conference on Artificial Intelligence (AAAI) , 2016.



Questions for Modeling Individual Behavior

»*What is individual behavior in social networks?
+Why should we study individual behavior?

+What are the state-of-the-art models?
<+Modeling behaviors and social relations
<+Modeling social contexts
<+Modeling spatiotemporal contexts
<+Modeling multiple domains in social networks




Summary for Modeling Individual Behavior

+Like, Reply, Share, Retweet, Favorite, Comment ...
<+ Pattern discovery, prediction and social recommendation

<+Memory based social recommenders
< TidalTrust, MoleTrust, TrustWalker

+Model based social recommenders
+SoRec, “Social Trust” Ensemble, SoReg

+ContextMF: Social contexts (preference & influence)
+FEMA: Spatiotemporal contexts (multi-faceted & dynamic)

< Traditional cross-domain CF
+CBT, CST, FUSE
+Hybrid Random Walk: Social bridging multiple domains



